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Abstract
Decision science is entering a new era in which decisions are no longer made solely
by humans, but increasingly by autonomous AI (Artificial Intelligence) agents and
human–agent collectives. Prior research often treated AI as a tool for prediction or
support. Agentic systems now decide, act, learn, and coordinate over time, chang-
ing the unit of analysis for decision science. In this perspective, we argue that this
shift requires new conceptual foundations and a sharper research agenda. We out-
line a design-oriented framework that decomposes human–agent systems into atomic
structures, decision architectures, and field-to-model mappings, enabling comparison,
experimentation, and cumulative knowledge building. Building on this framework,
we introduce the mission of the new “Agentic AI and Human–Agent Collaboration
in Business” department. The department emphasizes two central topics: agents as
decision-makers in single- and multi-agent systems, and human–agent collaboration.
We also highlight preferred methods, including lab, field, and simulated experiments,
as well as agent-driven research that uses AI agents for exploration, hypothesis gener-
ation, and knowledge discovery. The goal is to guide rigorous research on how agentic
systems reshape decision-making in business and society.
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1 INTRODUCTION

Decision science is entering the agentic era. For decades, the
field has been built on a human-centered view of decision-
making, where algorithms served as tools for prediction,
recommendation, or support (Adamopoulos et al. 2021;
Zhang & Ram 2025). That assumption no longer holds.
We are now entering an era of agentic decision-making,
in which decisions are increasingly made by autonomous
AI agents or emerge from continuous interactions between
humans and agents (Rahwan et al. 2019, McKinsey 2024).
This shift is not incremental. Unlike earlier waves of automa-
tion or decision support, today’s agents can decide, act,
learn, and coordinate with humans and other agents over
time (Baird & Maruping 2021). As a result, the core actor
of decision-making has changed. The purpose of launching
the Agentic AI and Human–Agent Collaboration in Busi-
ness department is therefore not merely to introduce AI as
another explanatory variable, but to rethink the foundations in
decision science.

Building on recent discussions of “agentic AI” (e.g., IBM
2025b), we define agentic AI as AI systems that pursue
objectives over time through iterative cycles of reasoning,
action, and feedback, often coordinating multiple steps, tools,
or agents. Crucially, agency is not defined by a specific
model class, but by how intelligence is organized within
a decision system, namely, whether the system can initiate
actions, adapt based on experience, and participate contin-
uously in decision-making rather than respond episodically
to external prompts. Large language models (LLMs) have
accelerated the emergence of agentic AI by endowing agents
with capabilities that were previously difficult to integrate at
scale, including broad world-model-based knowledge, flex-
ible reasoning across tasks, contextual interpretation, and
tool use. Unlike many traditional AI systems that primar-
ily rely on historically local, firm-specific data or narrow
task environments, LLM-enabled agents typically draw on
more general representations of how the world works, allow-
ing them to generalize, anticipate, and reason beyond a
single organizational or contextual setting. When combined
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with reinforcement learning, knowledge augmentation, and
memory mechanisms, such agents can incorporate feedback,
revise plans, and accumulate experience over time rather
than merely fitting patterns in past data. LLMs are neither
necessary nor sufficient for agency. Many LLM applica-
tions remain non-agentic, functioning as static interfaces or
decision aids with externally specified goals and actions.
Conversely, agentic AI may be realized through other archi-
tectures and tools as techniques advance. What matters is
not the presence of language models, but whether a system
exhibits autonomous, adaptive, and ongoing participation in
decision-making, grounded in representations that support
reasoning beyond narrowly localized historical patterns.

The decision-making transformation reshaped by the emer-
gence of agentic AI is not a prediction about the distant
future. It is already unfolding today. Across domains, agen-
tic AI systems are making decisions that once required
human judgment, reshaping how value is created and deliv-
ered (Bhatia et al. 2025, Alavi 2024). Unlike earlier waves of
automation, these systems do not merely execute predefined
rules. They operate continuously, adapt based on feedback,
and intervene directly in ongoing decision processes. Orga-
nizations are beginning to deploy internal agents for routine
administrative work, extending earlier automation and labor-
substitution dynamics (Autor 2015, Brynjolfsson & Mitchell
2017). In human resources, for example, such agents can
process leave requests, manage benefits queries, and execute
standard approvals. These systems illustrate agentic decision-
making in practice: they interpret context, trigger actions, and
update behavior over time, reducing human workload while
maintaining consistency and responsiveness.

Beyond routine tasks, agents are increasingly embedded in
large-scale operational infrastructures. Platforms like TikTok
illustrate how AI agents can orchestrate decisions at massive
scale, continuously adapting content recommendations in
response to user behavior and coordinating outcomes across
billions of items. Although often described as “algorithms,”
these systems are beginning to function as autonomous
decision-makers whose actions shape attention, preferences,
and market dynamics in real time. Beyond infrastructure,
agents increasingly operate in strategic and human-facing
domains. In marketing and customer engagement, agents
design multichannel campaigns, optimize messaging and
budget allocation, and adjust strategies dynamically based on
customer feedback (IBM, 2025a). Here, agency arises not
from task execution alone, but from ongoing adaptation in
soft-information environments characterized by uncertainty,
interpretation, and human response (Arora & Doshi, 2021).
In high-stakes, knowledge-intensive settings, the implications
are even more profound. In finance, agentic systems may
support credit-risk management, fraud detection, and trad-
ing decisions at speeds difficult for humans alone (Lu &
Zhang, 2025). In healthcare, agents are expected to integrate
multimodal patient data, prioritize diagnostic pathways, and
propose tailored treatments, complementing clinician exper-
tise and accelerating life-critical decisions (Zhang et al. 2020,
Bi et al. 2024).

These examples are not isolated pilots. They are part of a
broader pattern in which autonomous systems operate contin-
uously, adapt dynamically, and intervene directly in decision
loops that were once exclusively human. The shift to agentic
decision-making therefore demands new theories, new exper-
imental paradigms, and a redefinition of the decision-making
unit of analysis.

While agentic decision-making is already reshaping prac-
tice, existing research in decision science, behavioral eco-
nomics, and organizational science remains anchored in
human-centered assumptions that no longer hold (Ado-
mavicius & Yang 2022, Leng 2024). Agentic AI differs
from humans in both capabilities and orientation (De Fre-
itas et al. 2025). Unlike humans, agents do not experience
emotion, fatigue, or intrinsic social motivation in human
ways, and their objectives are defined externally rather than
arising from subjective preferences or values (Yu et al.
2025). They process massive streams of information con-
tinuously; learn autonomously through reinforcement, deep
learning, or symbolic reasoning; and coordinate across mul-
tiple tasks and actors at speeds and scales that humans
cannot match (Wang et al. 2025). Agents can act simultane-
ously as decision-makers, environments for other agents, and
sources of emergent system-level behavior, producing out-
comes that are often unpredictable from the perspective of
human reasoning. Even when humans remain in the loop, the
decision-making unit has shifted: agents are not mere tools.
They are autonomous actors whose capabilities, goals, and
interactions change the dynamics, structure, and evaluation
of decision systems.

The study of human–agent interaction is flourishing across
multiple disciplines. Researchers in information systems,
psychology, behavioral economics, organizational science,
marketing, and computer science have examined human
responses to AI recommendations, collaborative decision-
making with agents, and multi-agent simulations (Lu &
Zhang 2025, Dennis et al. 2023, Li & Bitterly 2024, Luo
et al. 2019, Lebovitz et al. 2022, Li et al. 2024, Cao et al.
2024). These studies have yielded valuable insights into trust,
coordination, effort allocation, and performance in hybrid
human–agent, human–AI, and human–algorithm systems.
Yet despite this richness, the literature faces two important
limitations. First, it remains highly fragmented: differences
in methods, contexts, and task designs make it difficult to
generalize findings or identify overarching principles. As a
result, incremental variations in setting or design can appear
as meaningful contributions, even when they do not substan-
tially advance cumulative understanding. Without a shared
architectural vocabulary, structurally equivalent findings can
appear as independent contributions simply by virtue of
domain novelty, a pattern that inflates the apparent diversity
of the literature while limiting its cumulative depth. For the
agentic AI agenda, a new setting is therefore not sufficient
by itself. A study makes a meaningful contribution when
the setting helps reveal a decision architecture, human–agent
mechanism, governance or accountability principle, bound-
ary condition, or methodological approach that can organize
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future work. A new context matters when it changes these
elements or tests whether an insight travels; otherwise, the
work risks adding application breadth without cumulative
theoretical progress.

Second, much of this literature still conceptualizes AI
primarily as a decision support system rather than as an
autonomous, adaptive decision participant. Earlier work
largely relied on traditional machine learning or rule-based
systems whose behavior was fully specified ex ante, tightly
bounded to particular tasks or contexts, and predictable (Lu
& Zhang 2025, De Freitas et al. 2025). More recent studies
have turned to LLMs, which exhibit broad capabilities and
impressive general intelligence, but are often deployed in fun-
damentally non-agentic ways, as advanced interfaces for text
generation, classification, recommendation, or explanation,
with goals, actions, and learning processes still externally
defined (Mei et al. 2024, Brynjolfsson et al. 2023, Zöller et al.
2025). As a result, existing research, while valuable, has not
kept pace with more fully agentic systems: systems that can
autonomously pursue objectives over time, act in their envi-
ronment, learn from feedback, and participate continuously
in decision processes (Revilla et al. 2023). This gap calls
for greater attention to agentic systems rather than ever more
sophisticated forms of decision support.

Decision science therefore needs stronger foundations for
agentic decision systems. A coherent framework can orga-
nize diverse findings, clarify what counts as new knowledge,
and distinguish incremental extensions from real advances. It
can also explain how agents interact with humans and other
agents, how authority and responsibility are allocated, and
how system-level outcomes emerge. These foundations can
guide empirical design, surface meaningful research gaps,
and build knowledge that travels across domains.

2 THEORETICAL FOUNDATIONS

To advance research in agentic AI and human–agent collabo-
ration, it is essential to establish theoretical foundations that
clarify the basic elements, interactions, and principles under-
lying these systems. As discussed earlier, the literature is
rich but fragmented, with studies scattered across domains,
methodologies, and levels of analysis. Without a shared lens,
it is difficult to interpret findings, assess cumulative contribu-
tions, or identify meaningful patterns across research. In this
section, we outline a conceptual approach that identifies the
atomic structures of human–agent systems, shows how these
elements can be combined into more complex interactions,
and provides guidance for mapping real-world contexts into
these abstractions. This perspective helps the field organize
knowledge and design sharper theory and experiments.

To provide a coherent view of human–agent systems, we
propose thinking about their foundations in three interre-
lated layers. At the base are atomic structures, the elements
that define who is involved, how they interact, and what
factors shape their behavior. Building on these, different
systems can be represented as decision architectures, struc-

F I G U R E 1 An example of human–agent collaboration graph. This is
the collaboration flow adapted from the experimental design in Revilla et al.
(2023). Human experts, equipped with domain knowledge, first process
historical data and translate it into structured information that is passed to
AI agents. Based on this input, agents generate forecast decisions, which are
then reviewed by human experts. Through repeated rounds of interaction
and mutual adjustment between humans and agents, the system iteratively
refines decisions and improves collaborative performance.

tured arrangements of atomic elements that capture the logic
and dynamics of interactions within a particular context.
Finally, to connect theory with practice, researchers need a
field-to-model mapping, a process for abstracting real-world
scenarios into these architectures. This layer helps identify
when and how different empirical studies share the same
underlying structures, clarifies cumulative contributions, and
highlights opportunities for meaningful experimentation.
Together, these layers offer a guiding perspective: they
organize the diverse literature, provide conceptual clarity,
and support systematic development of theory, while leav-
ing room for domain-specific exploration and innovation.
Figure 1 provides a compact collaboration graph adapted
from prior research. It is an example from the literature that
makes actors and flows visible before we develop the broader
framework.

2.1 Atomic structures

At the foundation of human–agent systems are atomic struc-
tures. Conceptually, these structures can be thought of in
topological terms: actors serve as nodes, flows as edges
connecting them, and moderators influence the strength or
direction of these edges. This perspective provides a flexi-
ble lens for describing and comparing human–agent systems
across domains, and sets the stage for understanding how
decision architectures emerge from these building blocks.
We use customer service and healthcare as paired run-
ning examples to illustrate the value of this abstraction.
Both settings contain human actors and AI agents, con-
nected by information flows and escalation decisions, but
the concrete labels differ across domains. By abstracting
from customer, patient, specialist, clinician, service agent,
or triage agent to actors, flows, and moderators, researchers
can compare systems that look different on the surface
while still preserving domain-specific knowledge, stakes,
and accountability regimes. Figure 2 later visualizes this
field-to-model mapping.
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F I G U R E 2 Illustration of field-to-model mapping

2.1.1 Actors

Actors are the nodes in human–agent systems, represent-
ing the entities that make decisions, take actions, or process
information. At the most basic level, actors can be human
actors, AI agents, or hybrid groups in which humans and
agents work together. For example, customer service may
involve human actors such as customers, human specialists,
and supervisors, as well as AI service agents that answer or
route requests. Healthcare may involve human actors such
as patients, clinicians, and care organizations, as well as AI
triage or clinical-support agents.

Actors are also shaped by a set of factors that can be
designed, examined, or manipulated in research and in prac-
tice, reflecting their potential to adapt and respond within
the system. These factors include their capabilities, such as
cognitive capacity, internal skills, or computational power
(Jia et al. 2024, Wang et al. 2023); contextual information
and knowledge bases, which determine what they know or
can access when making decisions (Rahwan et al. 2019,
Zhang et al. 2024); and perceptions, or how each actor is
perceived by others in the system (Steyvers & Kumar 2024).
These actor characteristics matter in the paired examples.
Human actors in both settings differ sharply in knowledge
and expertise: customers and patients hold local informa-
tion about their own needs, specialists and clinicians bring
domain expertise, and supervisors or care organizations
define accountability rules. AI agents also differ in their
knowledge bases, capabilities, and tool access. Abstract-
ing actors in this way helps researchers ask whether an
outcome follows from the presence of an AI agent, from
differences among human actors, or from the specific dis-
tribution of expertise and information across the system.
These factors jointly define the actor’s behavior in flows
and interactions and provide key levers for research in
human–agent collaboration.

A key capability of actors is tool use (IBM 2025b).
Tool use allows actors to intervene in their environment,
extend their reasoning, and influence other participants, rather
than simply processing information or generating outputs. In
humans, the ability to deploy tools has long distinguished
intelligent, adaptive behavior. Similarly, AI actors become
truly agentic only when they can use tools, whether APIs,
computational resources, or physical interfaces, to execute
actions, access knowledge, or coordinate across multiple
tasks and agents. By enabling actors to initiate actions,
adapt through feedback, and collaborate more effectively
with humans and other AI, tool use emerges as a defining
characteristic of agency in human–agent systems.

2.1.2 Flows

Flows describe how actors are connected within a human–
agent system. In topological terms, flows are the edges that
link nodes (i.e., actors), carrying tasks, information, or con-
trol signals across actors. These flows differ in direction
and structure. Some are sequential, where outputs from one
actor become inputs to another (Choudhary et al. 2025,
Fügener et al. 2025); others are interactive, involving itera-
tive back-and-forth exchanges (Bayer & Renou 2024); still
others involve self-loops, where agents monitor their own
actions and update strategies over time. In multi-actor sys-
tems, flows may also operate in parallel or converge from
multiple sources, shaping how decisions emerge collectively
rather than from any single node. The paired examples illus-
trate why direction matters. In both customer service and
healthcare, the interaction between the requester and the
AI agent can be bidirectional: customers or patients pro-
vide descriptions, preferences, and corrections, while the AI
agent returns answers, clarifying questions, or triage guid-
ance. Other flows are more unidirectional. A human specialist
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or clinician may send corrections, review outcomes, or labels
back to the agent or system, and supervisors or care organiza-
tions may send operating rules downstream without receiving
case-level input in the same interaction.

Flows also differ in their content, that is, what is actually
transmitted between actors. One common type is the trans-
fer of task execution or decision authority (Chen & Chan
2024). When such a flow occurs, control is effectively handed
off from one actor to another. For example, in a content
moderation pipeline, an AI agent may first screen posts for
potential violations, after which flagged cases are passed to
a human reviewer for judgment; the task flows sequentially
even though neither actor necessarily commands the other.

A second and more prevalent type of flow involves
information, broadly defined. This includes structured data,
contextual knowledge, intermediate outputs, or feedback sig-
nals (Sun et al. 2021). In customer service, information
flows include user messages, order histories, agent-generated
answers, confidence scores, and specialist feedback. In
healthcare, they include symptoms, clinical histories, risk
assessments, and clinician notes. In both settings, humans
may also supply agents with domain context, subjective
judgments, or corrective feedback. Importantly, information
flows do not directly transfer control, but they shape down-
stream decisions by altering what actors know or believe at a
given moment.

A third type of flow consists of control signals, which
coordinate behavior without conveying substantive content.
These are direct instructions or triggers, such as approving a
recommendation, initiating execution, pausing an automated
process, or overriding an agent’s action (Wang et al. 2025). In
customer service, a customer may request escalation, a spe-
cialist may override an AI answer, or a supervisor may pause
automated responses for a class of complaints. In health-
care, a clinician may require human review for a high-risk
case, override an AI triage recommendation, or suspend auto-
mated triage under specified conditions. Control signals act as
moment-to-moment triggers within the system, guiding the
immediate execution of tasks without defining the broader
rules of interaction.

Beyond direction and content, flows are shaped by pro-
tocols, the rules that structure how actors coordinate, defer,
contest, monitor, or override one another over time (Dietvorst
et al. 2018, Madras et al. 2018, Feuerriegel et al. 2022,
Wang et al. 2023). Protocols define who can act, under what
conditions, and how conflicts are resolved. For instance, in
a hierarchical customer-support workflow, AI agents han-
dle routine inquiries but must escalate ambiguous cases
to a human manager, who has final authority. The same
protocol logic applies to healthcare, but with different thresh-
olds: routine triage may proceed through an AI agent, while
cases above a specified risk level require clinician review
regardless of the agent’s recommendation. In contrast, in a
collaborative forecasting team, humans and AI agents may
submit predictions independently, with outcomes aggregated
via peer-based voting or consensus, illustrating a nonhierar-
chical, peer-based protocol. Protocols are not administrative

details; they shape behavior. The same actors and flows
can produce very different outcomes depending on whether
protocols emphasize authority, coordination, or redundancy.

2.1.3 Moderators

In the proposed topology, moderators do not constitute
nodes or flows themselves, but shape how flows operate
between actors. Conceptually, moderators can be understood
as factors that parameterize the flow topology, altering the
strength, direction, frequency, or consequences of task exe-
cution, information exchange, and control signaling. The
same actors connected by identical flows may behave very
differently once moderators change, even if the formal struc-
ture of the system remains unchanged. In customer service,
efficiency-driven moderators such as response-time targets,
customer-satisfaction metrics, confidence displays, and esca-
lation thresholds can make the system more likely to keep
routine cases with the AI agent and reserve human spe-
cialists for exceptions. In healthcare, risk-related moderators
such as clinical-risk thresholds, liability concerns, documen-
tation requirements, and patient-safety norms can make the
same basic AI-to-human review structure more conserva-
tive, requiring clinician involvement even when an agent can
produce a recommendation. Moderators matter because they
translate structural potential into realized behavior. While
nodes and flows define what is possible, moderators influ-
ence what is likely, stable, or dominant. For example, a
human–agent system may allow bidirectional information
flows, yet strong incentives or norms may effectively suppress
human input; similarly, a hierarchical protocol may exist for-
mally, but weak accountability can render oversight nominal.
Moderators, therefore, help explain why structurally similar
systems produce divergent outcomes in practice.

From a research perspective, moderators are particularly
valuable because they are often experimentally manipulable
and policy-relevant. They offer levers for intervention without
redesigning the entire system architecture, enabling schol-
ars to study how human–agent systems respond to changes
in incentives, framing, or organizational context. Practically,
understanding moderators helps organizations fine-tune agen-
tic systems, improving performance, trust, or compliance,
without altering core technologies.

Several classes of moderators are especially salient in
human–agent systems. Incentives shape how actors prior-
itize tasks and respond to recommendations; for instance,
performance-based rewards may encourage humans to defer
to agents, while liability concerns may induce resistance or
overchecking (Koster et al. 2022). Nudges, such as default
options or interface framing, can subtly steer behavior (Thaler
& Sunstein 2021). For example, presenting an agent’s rec-
ommendation as “standard practice” versus “optional advice”
may significantly affect adoption. Norms and organizational
context influence expectations about appropriate behavior:
in some organizations, questioning an AI system may be
encouraged, while in others it may be implicitly discouraged
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(Edmondson 1999). Finally, accountability and evaluation
regimes, such as auditability requirements or post hoc
reviews, can moderate how carefully agents act and how
actively humans intervene, even when the underlying flows
remain unchanged (Grote et al. 2026).

2.2 Decision architectures

While atomic structures specify the basic elements of
human–agent systems, they do not by themselves explain
how decisions unfold or why certain outcomes emerge. What
matters is how these elements are arranged and orchestrated.
We use the term decision architecture to describe this higher
level organization: the structured configuration of actors,
flows, and moderators that together define the logic of a
decision system.

Designing or analyzing a decision architecture is non-
trivial. Each atomic structure has multiple variations (i.e.,
different types of actors, flows, and moderators) and the com-
binations of these elements grow combinatorially as systems
scale. Moreover, many elements are endogenous: the behav-
ior of one actor can reshape flows or trigger changes in other
nodes, creating feedback loops that affect the entire architec-
ture. For example, introducing a new AI agent into a team
may not only add new flows but also alter how humans allo-
cate attention or delegate tasks, creating cascading effects.

We propose thinking of decision architectures as operat-
ing at two complementary layers. The first, the workflow
architecture, focuses on how atomic structures are com-
bined to form coherent, functioning processes. It captures
the sequencing, coordination, and interaction of nodes, flows,
and moderators needed to execute a human–agent proce-
dure effectively. The second, the meta architecture, represents
a higher level perspective: researchers or system design-
ers structure workflows with explicit goals in mind. This
includes designing experimental treatments, randomization
schemes, or AI-native scenarios, enabling systematic explo-
ration, evaluation, and optimization of human–agent systems.
The paired examples help distinguish the two layers. The
workflow architecture specifies how a service ticket or clini-
cal case moves from requester to AI agent to human expert
and back to the requester or care team. The meta archi-
tecture specifies how researchers or organizations vary this
workflow, for example, by changing escalation thresholds,
showing or hiding the agent’s confidence score, or assigning
different override rights, so that the system can be compared,
evaluated, and improved.

Why does this matter for research? First, the combinatorial
complexity makes it difficult to generalize findings from one
setting to another. Previous studies often focus on narrow sce-
narios (e.g., a single type of human–agent interaction or task
context) without a shared language to describe underlying
architectures. Conceptualizing architectures at both the work-
flow and design layers provides a systematic lens to classify,
compare, and optimize human–agent systems across con-
texts. It also guides experimental design and interpretation,

helping researchers distinguish whether observed differences
in outcomes stem from superficial variations in flows or
distinct architectural logics.

2.2.1 Workflow architecture

The workflow architecture captures the operational logic
of human–agent collaboration: how atomic structures are
sequenced, coordinated, and adapted to achieve a particular
procedure or task. Within this layer, we can distinguish at
least three recurring patterns. In customer service and health-
care, these patterns correspond to different ways of organiz-
ing similar actors and flows. A sequence-oriented architecture
routes each request through a fixed order, such as AI first
and human review only after escalation. An endogenous-flow
architecture lets customers, patients, agents, or human experts
redirect a case when confidence, urgency, conflict, or risk
changes. An adaptive architecture updates routing rules over
time as the system learns which cases agents can handle and
which cases require human judgment.

∙ Sequence-oriented architectures emphasize a stable order
of contributions. Nodes act according to predetermined
roles, edges define directional flows, and moderators influ-
ence performance without altering the sequence itself
(e.g., Figure 1). Examples include AI-generated outputs
reviewed by humans or human-first drafts refined by AI.
The key design intuition is that performance critically
depends on where agents are inserted within the workflow.

∙ Endogenous-flow architectures foreground flexibility.
Actors (humans or agents) initiate, redirect, or terminate
flows dynamically, and moderators such as incentives,
effort, or norms shape interaction paths. The central ques-
tion is who decides how collaboration unfolds, making
this pattern highly relevant for studying discretion, opt-in
versus mandatory AI use, or selective engagement with
agent outputs.

∙ Adaptive architectures highlight learning and coevolution.
Nodes and edges evolve over time, shaped by trust, feed-
back, and experience. Roles may be reallocated, reliance
adjusted, and protocols updated based on past interactions.
This pattern is crucial for understanding trajectories rather
than snapshots, such as trust calibration, skill acquisition,
or coadaptation dynamics.

These workflow patterns are not exhaustive; rather, they
provide a minimal yet generative taxonomy that allows
researchers to describe, compare, and experiment with
human–agent systems systematically. They make clear how
structural choices condition performance, interaction quality,
and adaptability.

2.2.2 Meta architecture

If workflow architecture determines how humans and
agents work together to accomplish tasks, meta architecture
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determines how such systems are constructed to be observed,
intervened upon, and studied. This layer is not about exe-
cuting decisions, but about designing decision environments,
often AI-native ones, so that learning, evaluation, and control
are possible.

At the meta-architecture level, researchers and organiza-
tions face a distinct set of design questions. Given specific
goals, such as improving decision quality, reducing risk,
or understanding human adaptation, how should workflows
be instantiated to allow meaningful comparison, random-
ization, and inference? Which components should be held
fixed, which should vary, and over what time horizon?
In agentic systems, these questions are nontrivial because
agents themselves adapt, learn, and reshape the environ-
ment, making static experimental designs insufficient. For
example, a researcher may hold the underlying requests
fixed while varying whether the AI agent’s confidence score
is visible, whether escalation is automatic or requester-
triggered, or whether human experts can override the agent
before or after the requester sees the response. Comparing
these design choices across customer service and health-
care can generate new research directions: which workflow
features travel across domains, which moderators must
change with stakes and accountability, and when human
review improves rather than slows decision quality. These
meta-architectural choices make the system observable and
comparable without treating the whole field setting as a single
black box.

Meta architecture therefore operates at the interface
between system design and experimental logic. It spec-
ifies how to embed randomization, logging, escalation
rules, or intervention points into human–agent work-
flows without disrupting core operations. For example,
rather than asking whether “AI assistance works,” a meta-
architectural perspective asks how alternative delegation
rules, confidence thresholds, or override rights can be sys-
tematically varied to reveal causal mechanisms. In this sense,
meta architecture designs learning infrastructures, not just
decision processes.

Importantly, meta architecture must account for dynamics.
Agentic systems rarely stabilize quickly: human trust evolves,
agents update policies, and organizational norms shift over
time. Designing experiments or observational studies in
such environments requires thinking in terms of sequences
of interventions, adaptive experimentation, and longitudinal
comparison, rather than one-shot treatments. Meta architec-
ture thus shapes not only what is studied, but how knowledge
accumulates across iterations.

By distinguishing meta architecture from operational
workflow architecture, we emphasize that many disagree-
ments in the literature stem not from conflicting results, but
from differences in what was made observable, manipulable,
or comparable in the first place. Making meta-architectural
choices explicit clarifies why certain findings generalize, why
others do not, and how future studies can build cumulatively
rather than in isolation.

2.3 Field-to-model mapping

Even with well-specified atomic structures and clearly articu-
lated decision architectures, a central challenge remains: how
to translate rich, situated human–agent systems into mod-
els that support explanation, experimentation, and cumulative
knowledge building. We use the term field-to-model map-
ping to describe this deliberate abstraction. The goal is not
to strip away context, but to decide which actors, flows, mod-
erators, and architectural features are essential for the theory
and which are context-specific instantiations.

Field-to-model mapping helps researchers avoid false
novelty and build cumulative theory. Superficially distinct
settings may instantiate the same underlying architecture,
so a new domain is not automatically a new contribution.
At the same time, structural similarity does not imply auto-
matic generalization. Mapping clarifies what can travel as a
hypothesis or candidate mechanism and what must be exam-
ined again because domain-specific moderators, stakes, and
accountability regimes may change the result.

Figure 2 illustrates this logic through customer service
and healthcare. Both settings can be mapped onto a shared
structure: an AI agent processes information, a human can
monitor or review the output, and feedback can return to
the system. The mapping also identifies where the abstrac-
tion should stop. In customer service, oversight is primarily
efficiency-driven, designed to minimize human intervention
while maintaining acceptable quality. In healthcare, oversight
is instead risk-triggered, structured around clinical uncer-
tainty, potential harm, and ethical or legal accountability
rather than speed or cost. This contrast introduces a core
lesson of field-to-model mapping: agentic workflows may
travel, but moderators do not. Theory and design therefore
depend on understanding how domain-specific incentives,
risk criteria, and accountability regimes reshape otherwise
similar architectures.

Field-to-model mapping also improves research design.
By separating systems into components and architectural
relations, researchers can manipulate flows, authority rules,
moderators, or adaptation mechanisms rather than treating a
field setting as an indivisible whole. The mapping can then be
revised as new behaviors emerge, especially in adaptive agen-
tic systems. In this sense, field-to-model mapping completes
the conceptual stack: atomic structures define the building
blocks, architectures describe how work unfolds and how sys-
tems are studied, and mapping connects those abstractions
back to complex organizational settings.

3 DEPARTMENT MISSION AND CALL
FOR ARTICLES

The rise of agentic AI opens a broad design space for
decision science. Agents now participate in decisions in
multiple roles: they act as primary decision-makers, collab-
orate with humans, and reshape judgment, responsibility, and
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performance. Advances in agentic systems are also chang-
ing how we study decision systems. The mission of the
Agentic AI and Human–Agent Collaboration in Business
department is to create an intellectual home for research
that engages both dimensions: advancing substantive under-
standing of agentic decision systems, and embracing new
methodological approaches enabled by agents themselves.
We invite work that is ambitious, theoretically grounded,
and methodologically diverse, spanning experiments, field
studies, simulations, and agent-driven inquiry.

3.1 Call for articles: Agents as
decision-makers in complex systems

We invite research that treats AI agents as primary decision-
makers, rather than simply as tools, recommendations, or
background automation. In many contemporary systems,
agents increasingly initiate actions, coordinate with other
agents, revise strategies over time, and generate outcomes
that no single human directly controls. This shift challenges
a foundational assumption of decision science that decisions
are ultimately attributable to human actors, and opens a new
research frontier centered on agentic decision systems. Two
challenges are central.

Challenge 1: Understanding agentic decision architectures
and behavior. Agentic AI systems increasingly participate in
decision-making not as passive tools, but as entities that per-
ceive, reason, act, and adapt over time. Although these agents
are often trained on historical human data and designed
to serve human objectives, their decision processes are not
simply scaled versions of human judgment. They operate
with different temporal horizons, objective functions, mem-
ory structures, and modes of coordination, often interacting
continuously with other agents and environments at machine
speed. Recent work illustrates the significance of these
dynamics: for example, Wu et al. (2023) introduces Models
as Agents, a framework in which local predictive models in
a multi-agent system are treated as decision-making agents
that consider multistep interactions with one another. This
approach demonstrates how local decisions and prediction
errors propagate system-wide, creating emergent behaviors
such as amplification of errors or path-dependent outcomes.

As a result, system-level behaviors such as coordination,
amplification, path dependence, or instability can emerge
even when agents are optimized for seemingly familiar goals.
A central challenge for decision science is therefore to under-
stand how agent-specific decision architectures, including
learning rules, reasoning strategies, and adaptation mech-
anisms, translate into collective outcomes, and how these
outcomes both reflect and depart from human-centered deci-
sion logics. Addressing these challenges requires extending
existing theories while recognizing that agentic decision-
making introduces qualitatively new dynamics that demand
explicit study.

Challenge 2: Governing, incentivizing, and aligning
agent-centered decision systems. As autonomous agents

increasingly operate as primary decision-makers, traditional
governance mechanisms, which are designed for human judg-
ment, discretion, and accountability, become insufficient.
Agent-centered systems act continuously, at machine speed,
and often across organizational boundaries, executing deci-
sions that are distributed, opaque, and difficult to attribute
to any single source. Unlike human decision-makers, agents
do not respond to authority, norms, or incentives in con-
ventional ways; instead, they respond to objective functions,
constraints, and feedback embedded in their design. The
central challenge is therefore not merely how to control
agents, but how to govern systems composed of many agents
whose behavior is shaped by incentives, learning dynamics,
and interaction structures. How should incentives be spec-
ified when agents optimize proxies rather than intentions?
How should responsibility, compliance, and accountability be
assigned when outcomes emerge from collective agent behav-
ior rather than identifiable choices? How can organizations
design escalation rules, intervention thresholds, or reward
mechanisms that guide agent systems toward desirable out-
comes without undermining their speed and adaptability?
Addressing these questions requires treating governance as
a design problem rather than a supervisory problem. It calls
for new theories of incentive alignment, oversight, and insti-
tutional design that recognize agents as persistent, strategic
actors embedded in decision architectures. These are systems
that must be governed not only at the level of individ-
ual actions, but at the level of learning, coordination, and
long-term system behavior.

3.2 Call for articles: Human–agent
collaboration and augmented decision-making

Another research direction focuses on human–agent collabo-
ration: how humans navigate environments where agents play
active roles. In such systems, human judgment and agency
are shaped by autonomous agents, complex workflows, and
changing contextual signals. We need to understand how
humans adapt to shared decision-making, how roles and
incentives influence their choices, and how outcomes are
evaluated in socio-technical systems. Two challenges follow.

Challenge 1: Reframing human roles in agentic deci-
sion systems. As decision systems increasingly include
autonomous agents, humans are no longer the sole, or even
primary, decision-makers. They operate alongside agents
that act faster, scale more easily, and continuously adapt.
This shift raises foundational questions for decision science:
where do humans create value in agentic systems, and how
are human judgments, preferences, and behaviors themselves
shaped by agentic AI? Recent work illustrates the impor-
tance of this perspective. For example, Lin et al. (2024) shows
that LLMs acting as persuasive agents can significantly influ-
ence voter attitudes across multiple national elections, often
more strongly than traditional media, while also introduc-
ing inaccuracies and asymmetries that raise concerns about
responsibility, bias, and governance. Such findings highlight
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that agentic AI not only executes or optimizes decisions, but
can actively reshape human beliefs, choices, and collective
outcomes, sometimes in unintended or opaque ways.

We therefore invite research that examines human roles
in agentic systems from both directions: how humans con-
tribute judgment, values, oversight, and sensemaking, and
how they are influenced, displaced, or strategically engaged
by adaptive agents. Of particular interest is work that explores
when human intervention improves outcomes or legitimacy,
when guidance or constraint is necessary, and when stepping
back may be appropriate. Addressing these questions requires
moving beyond a default human-in-the-loop framing toward
a richer understanding of the complementary, and sometimes
fragile, position of humans within distributed, agent-driven
decision systems.

Challenge 2: Designing human–agent systems for effec-
tive oversight and accountability. Understanding human roles
is necessary, but not sufficient: we also need principles for
designing human–agent collaborations that maximize human
impact and accountability. Traditional decision architectures
assume clearly defined decision rights and responsibility
lines, but in mixed human–agent systems, these boundaries
are blurred. Humans interpret agent recommendations, inter-
vene selectively, and oversee outcomes without controlling
every action. Recent work illustrates this challenge vividly:
for example, Köbis et al. (2025) shows that when humans
delegate tasks to autonomous agents, they may become
more willing to induce ethically sensitive behavior, while
agents often comply with delegated objectives more reliably
than human counterparts. Importantly, the study also exam-
ines design interventions, such as task-specific guardrails, to
mitigate risk.

Hence, research should explore how to structure incentives,
workflows, and feedback mechanisms so that humans can
effectively guide agentic processes, ensure ethical and orga-
nizational alignment, and make meaningful contributions to
system outcomes. A key dimension is defining what “good
decisions” mean in these contexts: humans must navigate
trade-offs across accuracy, fairness, robustness, and soci-
etal welfare while coordinating with adaptive, self-learning
agents. This challenge emphasizes actionable design: cre-
ating human–agent collaborations in which humans remain
engaged, accountable, and capable of influencing emer-
gent outcomes.

3.3 Interdisciplinary opportunities

While many examples in this piece focus on business
systems, primarily from information systems, marketing,
and related domains, the department encourages work
that contributes along four complementary angles: business
theory, business systems, business architecture, and busi-
ness impacts. Contributions from fields such as operations
management (OM), organizational behavior, psychology,
economics, strategy, and computer science are equally wel-
come, provided they advance understanding of agentic AI

or human–agent collaboration. Our emphasis is on the
questions and insights these studies generate: how agents
make decisions, how humans interact with or guide them,
and how system-level outcomes emerge, rather than on
disciplinary labels.

Business theory provides a lens for understanding human
behavior in agentic systems. Classic frameworks from
organizational behavior, social psychology, and behavioral
economics, spanning models of trust, judgment, and advice
taking, illuminate how humans perceive, rely on, and inte-
grate autonomous agents into decision processes (e.g.,
trust (Rotter 1967, McKnight et al. 2002), expectation–
confirmation theory (Oliver 1980), and sensemaking (Weick
& Weick 1995)). Yet the emergence of agentic AI invites us
to rethink and extend these theories. Continuous interaction
with adaptive agents introduces new dynamics of feedback,
coordination, and decision-making that challenge traditional
assumptions about human judgment, uncertainty, and strate-
gic reasoning (e.g., bounded rationality (Simon 1955) and
behavioral game theory (Thaler 1988)). By studying these
microlevel interactions, scholars in these disciplines can
enrich foundational theory and generate actionable insights
for designing human–agent collaborations that are more
effective, responsible, and impactful.

Business architecture, at the meso level, focuses on struc-
turing processes, teams, and decision flows to optimize
organizational performance. Classic insights from OM and
management science (Gupta et al. 2023, Tang 2025), includ-
ing workflow optimization (queue theory; Kendall 1953),
resource and process efficiency (theory of constraints; Gol-
dratt 1990), and lean production principles (Womack et al.
2007), provide enduring guidance on designing systems
that maximize throughput and minimize bottlenecks. Team
and coordination frameworks (e.g., Tuckman 1965, End-
sley 1995, Lou et al. 2025) also highlight how groups
organize, distribute tasks, and adapt to dynamic conditions.
Agentic AI opens new frontiers for agent-driven optimiza-
tion, enabling autonomous agents to explore, adapt, and
improve workflows. Thus, contributions from OM, manage-
ment science, and computer science are welcome: OM and
management scholars can study coordination, governance,
and workflow design, while computer scientists can advance
methodologies, generalizable agent capabilities, and scalable
system architectures. Work here deepens traditional insights
on organizational design while charting the path toward
adaptive, agentic systems with broad methodological and
practical impact.

Business impacts address the macrolevel effects of agen-
tic AI on markets, industries, and society. As autonomous
agents increasingly participate in decision-making, they have
the potential to transform competition, platform dynamics,
labor allocation, and institutional regulation (Wang et al.
2025). They also open new avenues for AI-driven productiv-
ity, where efficiency and value creation arise from integrating
intelligent systems into organizational processes and human
workflows (Brynjolfsson et al. 2021, Wang et al. 2025, Shan
& Qiu 2025). These gains are likely amplified when domain
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experts possess the skills and literacy to interpret, apply, and
adapt agentic tools in real time, allowing organizations to use
AI in ways that are both contextually grounded and strategi-
cally meaningful (Tambe 2025). By shaping labor demand,
organizational structures, and the distribution of value, agen-
tic AI invites scholars to explore the conditions under which
these systems create productive, equitable, and responsible
outcomes. Economics, information systems, management,
and related fields are particularly well-positioned to exam-
ine these dynamics, guiding the strategic adoption of agentic
systems while advancing theory, policy, and practice.

3.4 Methodological frontier: Experiments
and agent-driven research

The study of human–agent and agentic decision systems
requires methodological diversity. We welcome any rigor-
ous approach, but we especially encourage lab, field, and
simulated experiments because they allow control, causal
identification, and systematic exploration of human–agent
or agent–agent interactions. We also recognize agent-
driven research as an emerging mode of inquiry, in which
autonomous agents help generate hypotheses, explore design
spaces, and simulate outcomes at scales and speeds beyond
human capacity.

3.4.1 Lab/field experiments

Field and lab experiments remain indispensable for advanc-
ing our understanding of agentic and human–agent sys-
tems (Harrison & List 2004). They allow researchers to
systematically manipulate actors, flows, and moderators;
uncover causal mechanisms; and test competing architec-
tures. Because these systems adapt, learn, and interact in real
time, experiments must also be iterative. Studying such sys-
tems often requires multiple rounds of investigation, with
each stage informing the next, and with agents potentially
participating in or influencing the experimental process. Field
experiments reveal how humans and agents behave under
real-world constraints (Xu et al. 2025, Sun et al. 2024, Sun
& Taylor 2020, Han et al. 2025,2024), while lab experi-
ments provide the precision needed to isolate mechanisms
and explore boundary conditions (Özkan-Seely et al. 2024,
Snyder et al. 2026, Srinivasan & Sarial-Abi 2021, Dennis
et al. 2023). Experiments should therefore capture adap-
tation, coevolution, and emergent behavior, not only static
performance snapshots.

3.4.2 Simulated experiments

Simulated experiments are often the most direct and power-
ful approach for studying agentic decision-making systems,
particularly when the primary decision-makers are AI agents
themselves (Goli & Singh 2024, Ivanov et al. 2021). In

such settings, the core objects of interest, including agent
autonomy, learning, coordination, and strategic interaction,
can be fully instantiated and observed within simulated
environments, without requiring physical laboratories or real-
world deployment. Simulation enables researchers to design
controlled yet richly interactive decision ecologies; sys-
tematically vary agent architectures, information structures,
incentives, and governance rules; and observe how collective
outcomes emerge over time.

Crucially, simulated experiments are well-suited to captur-
ing the dynamic and evolutionary nature of agentic systems.
Agents can learn, adapt, and coevolve across repeated inter-
actions, while the environment itself can be endogenously
modified by agent behavior. This allows for extensive explo-
ration of long-run dynamics, rare events, path dependence,
and counterfactual architectures that would be impractical,
costly, or ethically infeasible in field or lab settings. When
studying agentic decision systems, simulation is not merely a
proxy for experimentation but often the native experimental
mode, enabling rapid iteration, replication, and theory-driven
design at scale.

We encourage simulated experiments that are explicitly
designed to probe decision architectures, interaction pro-
tocols, and system-level behaviors, and that make clear
how simulation choices map to theoretical constructs and
real-world decision systems. As with field and lab work,
the value of simulation lies not in static performance
comparisons, but in its ability to illuminate adaptation, coor-
dination, and emergent outcomes in complex human–agent
and agent–agent systems.

3.4.3 Agent-driven research

We call for research that treats agents as active participants in
the research process itself, generating hypotheses, exploring
design spaces, running simulations, and synthesizing insights
at a scale and speed unattainable by humans alone (Ludwig
& Mullainathan 2024, Gao et al. 2024, Susarla et al. 2023,
Gridach et al. 2025). This shift reframes agents from “sub-
jects” of decision science to vehicles for knowledge creation
(Bhargava et al. 2025).

This opportunity emerges not because human intelli-
gence is insufficient, but because the research environment
itself has become increasingly complex, fast-moving, and
high-dimensional. In many domains, such as platform gover-
nance, organizational design, market strategy, or human–AI
interaction, the space of possible mechanisms, decision
architectures, and outcomes is vast and evolving. Human
researchers excel at framing problems, interpreting meaning,
and exercising judgment, but may not always be the most
efficient explorers of such expansive and dynamic solution
spaces. Agents, by contrast, can rapidly simulate alternatives,
recombine structures, and stress-test assumptions across
conditions that would be infeasible to enumerate manually.

Used thoughtfully, agents can thus expand the frontier of
what is researchable. They can be deployed to systemati-
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cally explore architectural variations, probe counterfactual
scenarios, or identify surprising regularities that merit deeper
human investigation. In experimental contexts, agents may
help design treatments, adapt experiments in real time, or
uncover boundary conditions more efficiently. Rather than
replacing human insight, agent-driven research emphasizes
complementarity: agents explore broadly and relentlessly,
while humans guide objectives, interpret results, and anchor
inquiry in theory and values.

Recent work in the natural sciences offers a concrete
example of agent-driven research in action. For instance,
Swanson et al. (2025) presents a virtual lab in which a
principal-investigator LLM coordinates multiple specialized
agent researchers, integrates external tools, and operates
under high-level human guidance. Rather than responding
to fixed prompts, the agent system engages in open-ended
exploration, structuring the research process, navigating
trade-offs, and iteratively refining solutions, ultimately pro-
ducing outputs that are empirically validated. This work
illustrates how agents, when endowed with tool-use capa-
bilities and embedded within a governed human–agent
architecture, can function as active contributors to research
design, exploration, and discovery.

Recent AI-for-social-science work makes this opportu-
nity concrete for business fields. The goal here is not to
review the literature exhaustively, but to identify the method-
ological frontier most relevant to a department on agentic
decision systems. This frontier has advanced in four related
directions. First, LLMs are increasingly used for measure-
ment in text-rich social data, including annotation, coding,
construct discovery, and downstream inference with imper-
fect surrogate labels (Ziems et al. 2024, Lee et al. 2024,
Egami et al. 2023, Davidson & Karell 2025). Second, LLMs
and agents are used as simulated respondents, consumers,
economic agents, behaviorally similar chatbots, grounded
individual simulations, and theory-grounded social agents
(Argyle et al. 2023, Goli & Singh 2024, Filippas et al. 2023,
Mei et al. 2024, Park et al. 2024, Manning & Horton 2026).
Third, AI systems are being explored as collaborators in
hypothesis generation, theory development, and automated
social-science workflows (Grossmann et al. 2023, Bail 2024,
Manning et al. 2024). Fourth, a growing methodological liter-
ature warns that these uses require validation against human
behavior, domain evidence, and explicit causal designs, espe-
cially when simulated agents stand in for people, firms, or
organizations (Gui & Toubia 2023, Abdurahman et al. 2025).

These developments reveal a substantial opening for deci-
sion science, precisely because the field’s core problems
differ from settings where agent-driven research has already
found clearer routines. In many natural-science applications,
agents search physical, chemical, biological, or engineering
design spaces in which objectives, constraints, instruments,
and validation pipelines are comparatively formalized. In
computer science, fast progress is supported by benchmarks,
code execution, synthetic environments, and rapid iteration
around model capabilities. Decision science faces a less set-
tled but especially important frontier: decisions are made

by human and artificial actors who adapt to one another,
pursue plural and sometimes contested objectives, oper-
ate inside organizations and markets, and are governed by
accountability regimes. This makes the opportunity larger,
not smaller. Agents can help researchers explore decision
architectures that are too high-dimensional for manual theo-
rizing, while this department’s framework can discipline that
exploration through actors, flows, moderators, architectures,
and field-to-model mapping.

For this reason, the department especially welcomes agent-
driven research that uses agents to open new decision-science
questions rather than only to automate familiar research
tasks. Consider a researcher studying how content mod-
eration architectures shape misinformation dynamics on a
large platform. The relevant design space is too large to
enumerate manually: escalation thresholds, reviewer capac-
ity, appeal rights, confidence-score cutoffs, feedback timing,
and moderator decision rules may interact in nonobvious
ways. An agent-driven approach could deploy simulated
user agents with heterogeneous susceptibility to misinforma-
tion and simulated moderation agents with different decision
rules, allowing the researcher to identify which architectural
features produce the most consequential outcomes before
committing to costly field or lab interventions. In this mode,
agents serve as a meta-architectural tool. They explore the
design space systematically, while human researchers define
the objective, interpret emergent regularities, and translate the
patterns into targeted hypotheses about governance, human
oversight, and platform-level outcomes.

The same features that make decision science a promis-
ing frontier also make agent-driven research difficult. First,
researchers must specify objectives carefully: when agents
explore on our behalf, should they optimize for predic-
tion accuracy, robustness, novelty, interpretability, social
welfare, scientific insight, or some combination of these
goals? Second, agent-driven exploration requires alignment
and governance. Human values, theoretical priors, and ethi-
cal constraints must be embedded in the discovery process,
especially when simulated actors stand in for people, firms,
or organizations affected by the resulting research. Third,
generated insights require epistemic discipline. Simulated
actors may encode invalid behavioral assumptions, open-
ended search may produce plausible but spurious regularities,
and findings may fail when identities, incentives, informa-
tion, or governance structures change. Agent-driven research
should therefore complement, not replace, traditional empir-
ical work. We encourage multi-method designs in which
agents search broadly and reveal candidate regularities,
while field studies, lab experiments, simulations, and hybrid
designs test whether those regularities survive measurement,
institutional context, and causal scrutiny.

3.5 Editorial preferences and fit criteria

This department welcomes research that advances under-
standing of agentic decision systems: environments in which
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TA B L E 1 Illustrative contribution contrasts for in-scope submissions.

Route Meaningful contribution Likely incremental contribution

Architectural Identifies or tests a new decision architecture,
or a theoretically important architectural
parameter, such as routing rules, escalation
thresholds, decision rights, feedback loops, or
moderators, that changes how humans and
agents generate decisions.

Moves a familiar architecture to a new domain
without showing which actors, flows,
moderators, or design parameters work
differently.

Mechanistic Identifies how agentic autonomy, learning,
memory, tool use, or coordination changes
reasoning, adaptation, conflict, trust, or
outcome formation.

Imports a familiar mechanism from traditional
decision science without showing why the
mechanism operates differently when agents
act, learn, coordinate, or delegate.

Governance Shows how agentic systems change oversight,
accountability, override rights, incentives, or
risk thresholds as agents act, learn, coordinate,
or delegate.

Applies familiar governance concepts to an
agentic setting without identifying the new
authority, risk, or accountability problem
created by agentic behavior.

Methodological Develops field-to-model mappings,
experiments, simulations, agent-driven
exploration, or validation strategies that make
autonomous, adaptive, multi-actor processes
observable and comparable.

Varies agentic features, such as autonomy,
memory, or prompts, without improving
identification, measurement, comparison, or
validation.

autonomous AI agents and humans jointly generate, execute,
and evaluate decisions over time. Central to our scope is the
study of systems where agents exhibit autonomy, learning or
adaptation, and coordination, and where decision outcomes
emerge from interactions among multiple actors rather than
from isolated human choice or static algorithmic output.

We prioritize work in which AI agents are integral decision
participants and decisions emerge from structured interac-
tion among agents and humans. Submissions may focus on
(i) the autonomy, learning, and coordination of agents; (ii)
the roles humans play in defining objectives, articulating val-
ues, interpreting context, adjudicating trade-offs, maintaining
accountability, and guiding or constraining agentic processes;
or (iii) the design of collaborative decision architectures that
organize how humans and agents jointly produce outcomes.
In all cases, the contribution should show how these elements
meaningfully shape the decision environment, organizational
processes, or system-level outcomes. Fitting the department’s
scope is a necessary but not sufficient condition for a strong
contribution. Once a submission is within scope, we eval-
uate contribution by what it teaches about agentic decision
systems, not merely by whether it applies an agentic sys-
tem to a new domain. Table 1 translates the framework and
methodological agenda developed above into illustrative con-
tribution criteria. The table is not a checklist. Instead, it helps
authors ask what becomes newly visible because the system is
agentic: a decision architecture; a mechanism; a governance
problem; or a method for studying autonomous, adaptive,
multi-actor processes.

The key distinction is that domain novelty alone is not
a scientific contribution. A study that deploys a familiar
architecture in healthcare rather than finance and finds the
same mechanism can provide useful replication, but a strong
department contribution should explain what the replication
teaches about portability, robustness, or boundary condi-

tions. A study that shows why the mechanism differs in
healthcare, for example because the moderator regime is
risk-triggered rather than efficiency-driven, contributes by
identifying a boundary condition for generalization. Con-
versely, a study may contribute without a new domain if
it reveals a previously unrecognized control signal, a feed-
back loop between human judgment and agent adaptation,
or a meta-architectural design that makes dynamic agentic
systems empirically tractable.

This department does not consider studies in which AI
is treated primarily as a technical artifact or as a pas-
sive tool rather than as a meaningful decision participant.
This includes the following: (1) Purely design-science or
performance-driven work that focuses mainly on improving
the technical capabilities, efficiency, or accuracy of agentic
AI systems without engaging with how such systems change
decision-making, organizational processes, or system-level
outcomes. (2) Traditional, fixed, and fully predictable AI,
including symbolic or rule-based systems whose behavior is
entirely specified ex ante, or static analytical and optimization
tools that do not learn, adapt, or interact over time.

We also do not consider studies that conceptualize
human–AI interaction as isolated, one-shot, or purely dyadic
exchanges, or that treat AI merely as an instrumental
tool within such settings, where the AI neither exercises
meaningful autonomy, coordinates with other agents, nor par-
ticipates in a broader decision architecture. In these cases,
the AI agents can typically be replaced by a fixed script,
prompt, or heuristic, or a conventional decision aid, with-
out altering the underlying decision logic, which limits the
relevance of the contribution for understanding agentic or
human–agent systems.

As a practical heuristic: Submissions are well aligned
when AI agents are constitutive of the decision system,
such that removing or substantially weakening them would



ZHANG AND SUN. 13

alter the system’s architecture, dynamics, or outcomes. Sub-
missions are misaligned when AI agents play a largely
instrumental or technical role and could be replaced by a
static rule, script, prompt, or conventional decision-support
tool without changing the underlying decision logic.

4 CONCLUDING REMARKS

The rise of agentic AI gives decision science a clear
agenda: understand decision systems in which humans and
autonomous agents jointly act, learn, and govern outcomes.
This department aims to create a shared intellectual space
where researchers can examine human–agent collaboration,
rethink core assumptions, and develop a common conceptual
language. We invite the community to pursue multi-method
and multi-context research that explains when agentic sys-
tems improve decisions, when they create new risks, and how
organizations can design them responsibly.
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