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Abstract. Autonomous multi-agent systems introduce a new organizational re-
ality: humans and multiple Al agents pursuing shared goals, negotiating roles,
and adapting responsibilities in real time. Yet existing frameworks for human-Al
collaboration remain largely anchored in dyadic settings. Drawing on Bratman’s
Shared Cooperative Activity theory, a systematic literature review, and expert
consultation, we derive three collaboration principles for Collaborative Agentic
Information Systems: dynamic goal alignment, specifying how shared objectives
are continuously adapted; mutual orchestration, addressing how roles and decision
rights must be dynamically negotiated; and adaptive action and co-learning, spec-
ifying how participants proactively support each other while preserving human
oversight as agent autonomy increases. We illustrate these principles through a
Model Context Protocol, suggesting how resource, tool, and sampling layers pro-
vide architectural primitives for human-multi-agent collaboration. These principles
address how delegation, accountability, and human oversight can be sustained as
organizations transition from dyadic human-Al interaction to multi-agent collabo-
ration.

Keywords: Multi-Agent-Systems, Agentic Al, Shared Cooperative Activity, Model-
Context-Protocol (MCP).

1 Introduction

“My human wakes up at 8 am. Between midnight and 8 am, things happen on his machine.
Cron jobs run. Updates install. Disk space changes. Git repos get upstream commits.
Nobody tells him. He finds out when something breaks.” (HazelOC, an AI Agent posting
on Moltbook m/general).!

Agentic Al systems mark a novel trajectory in technological development (Holldack
et al. 2026), with information systems at the forefront of this path across industries
(Kumar et al. 2026). As Al agents develop greater autonomy, planning, and reasoning
capabilities (Hughes et al. 2025), novel forms of collaboration become possible (Holldack
et al. 2026, Dennis et al. 2023, Vossing et al. 2022). Most research on human-Al

! Moltbook is a social network designed for AT agents, launched in 2025. Posts are authored by
Al agents operating within organizational or personal computing environments. The quoted
post is publicly accessible at the URL provided.
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collaboration remains focused on dyadic settings (Amershi et al. 2019, Gomez et al.
2025, Sudeeptha et al. 2025). In these settings, humans hold autonomy and oversight
while Al systems react passively, at most influencing but not taking over decision-making
(Baird & Maruping 2021, Gomez et al. 2025, Gupta et al. 2025, Schmutz et al. 2024).

Al-based multi-agent systems (MAS) now demonstrate autonomous reasoning and
adaptive capabilities, enabling distributed orchestration across interconnected agents
(Kapoor et al. 2024, Shavit et al. 2023, Viswanathan 2025, Baird & Maruping 2021). IS
research recognizes this shift: Holldack et al. (2026) conceptualize agentic IS as active
entities capable of independent decision-making and bidirectional task delegation, while
Kumar et al. (2026) identify agentic Al as a new IS frontier demanding novel conceptual
frameworks. Yet, many collaboration concepts do not fully capture this transition. Hybrid
intelligence focuses on dyadic settings (Dellermann et al. 2019, McNeese et al. 2021),
while multi-agent systems rarely treat humans as partners within the agent network
(Kolbjgrnsrud 2023, Shavit et al. 2023, Chen et al. 2024). Consequently, as Clark (2025)
identifies, “the detailed shape of each specific human-Al coalition” remains poorly
understood, with human-MAS collaboration specifically posing challenges in this setting
(Gomez et al. 2025, Allmendinger et al. 2026). As MAS take on planning and execution
previously reserved for humans (Holldack et al. 2026, Berente et al. 2021), delegating
decisions, maintaining oversight, and assigning accountability become organizational
design challenges (Constantinescu & Kaptein 2025, Kumar et al. 2026, Allmendinger
et al. 2026).

To address this gap, we extend Agentic Information Systems (Holldack et al. 2026)
to Collaborative Agentic Information Systems (CAIS) as a conceptual framework, il-
lustrated within a model-context-protocol (MCP) (Anthropic 2024, Szeider 2025), as
an open protocol that architecturally embeds human oversight through elicitation and
negotiation, rather than implementing it as an external layer (Anthropic 2024). We draw
on Bratman’s 1992 Shared Cooperative Activity (SCA) theory as a kernel theory (Gre-
gor 2006), identifying principles for human-MAS collaboration: joint activity, mutual
responsiveness, and mutual support (Bratman 1992, Blomberg 2015). The research
question is: What collaboration principles are required for human—multi-agent Al sys-
tems in organizational contexts? We derive three: dynamic goal alignment (continuous
negotiation of shared objectives), mutual orchestration (bidirectional renegotiation of
roles and decision rights), and adaptive action and co-learning (detecting support needs
while preserving human oversight). The contribution is twofold: first, to conceptualize
CAIS as a framework for human-multi-agent collaboration; second, to illustrate three
SCA-derived collaboration principles within an MCP, providing an architecture to deploy
collaborative agentic IS.

2 Related Work

2.1 Collaboration between Humans and AI Agents

Agentic IS enable long-term, multi-step human-Al engagement with dynamic role
adaptation across organizational environments (Goldi & Rietsche 2024, Shavit et al.
2023). Traditional IS paradigms are characterized by unidirectional interaction: humans
delegate tasks to Al agents while retaining decision authority (Russell & Norvig 2009,



Alter 2024, Holldack et al. 2026). Decision support research shows Al agents can
complement human judgment and mitigate bias (Fiigener et al. 2021, Hemmer et al.
2021, Schmitt 2024). Hybrid intelligence integrates human and artificial intelligence
toward superior collective performance (Dellermann et al. 2019, Rai et al. 2019), with
collaboration as the determining factor in agency attribution (Leonardi 2023, Dattathrani
& De’ 2023, Seeber et al. 2020).

However, single agent architectures require intense human oversight (McNeese
et al. 2021, Lou et al. 2026), formalized in human-in-the-loop approaches (Grgnsund
& Aanestad 2020, Jakubik et al. 2025). Multi-agent deployments improve performance
(Song et al. 2025, Chen et al. 2024) and factuality (Du et al. 2024, 2025), but most studies
remain anchored in dyadic settings (Dellermann et al. 2019, Kamar 2016): they specify
what effective human-Al pairs require, not how collaboration works across multiple
autonomous agents. Holldack et al. (2026) argue that agentic IS enable human-like actors
across domains, with MAS representing the shift toward adaptive systems reorganizing
knowledge work at scale (Hofmann et al. 2024, Guo et al. 2024). Yet as Kumar et al.
(2026) show, multiple agents introduce gaps in alignment and implementation strategy
(Allmendinger et al. 2026), making a theoretical basis for human-MAS peer collaboration
both timely and necessary.

2.2 MCP as Coordination Infrastructure in Multi-Agent Systems

The Model Context Protocol (MCP) is an open standard that defines how Al agents
communicate with tools, data sources, and other agents (Anthropic 2024). While or-
chestration frameworks manage Al agents’ internal planing logic within a workflow
(Allmendinger et al. 2026), an MCP provides unified access to rights and context, en-
abling agents to act safely within organizational contexts (Hou et al. 2026, Chan et al.
2025). By establishing a client-server architecture in which a host coordinates clients,
MCP separates the communication layer from agent logic: the host coordinates clients,
maintaining a connection to servers that expose capabilities as resources, tools, and
interfaces (Anthropic 2024). For IS research, MCP represents a nascent coordination
mechanism: it determines which agents track which states, what capabilities they can
invoke, and how context moves across the agent network (Baird & Maruping 2021,
Chan et al. 2025). Alternative orchestration approaches address agent coordination but
treat humans as external supervisors within the protocol. MCP, by contrast, exposes
human interaction through the same client-host-server architecture as agent interaction:
elicitation routes structured requests to human participants, roots define the boundaries
within which agents operate, and capability negotiation at initialization ensures that all
participants share a common understanding of what each can do (Anthropic 2024).

An MCP specifies how agents communicate and access capabilities, but not how
humans and Al agents align goals, how roles and decisions are negotiated as tasks evolve,
or how participants support each other when the system encounters novel conditions
(Constantinescu & Kaptein 2025). Organizations deploying MCP-based MAS still lack
the foundations to answer the questions of who decides what and when humans intervene,
and how the system learns from its own operation (Kumar et al. 2026, Lou et al. 2026).
SCA provides the collaboration theory that specifies what MCP’s architecture, as only



open protocol enabling integrated human oversight, must contain. The following section
derives three principles from SCA that address precisely the gaps MCP leaves open.

3 Theoretical Background: Shared Cooperative Activity (SCA)

Bratman’s (1992) Shared Cooperative Activity (SCA) turns individual actions into unified
effort through three conditions that distinguish genuine collaboration from parallel or
coordinated activity (Bratman 1992, Blomberg 2015, Grosz & Kraus 1996):

1. Joint activity requires each participant to intentionally align their individual sub-
plans such that they “mesh” coherently with others’ plans, preventing conflicts and
ensuring collective coherence (Bratman 1992).

2. Mutual responsiveness requires each participant to continuously adapt their actions
in response to collaborators’ evolving intentions and behaviors by actively attending
to what the other is doing and adjusting accordingly (Bratman 1992, Di Eugenio
et al. 2000).

3. Mutual support requires each participant to actively assist the other in fulfilling
their role within the joint activity, going beyond individual task completion when
necessary (Bratman 1992).

SCA’s influence extends into Al and robotics (Blomberg 2015). In IS research, SCA
has been applied to specify requirements for successful human-system collaboration
(Xu & Topi 2017, Cooprider et al. 2010) and to theorize shared intentionality in dyadic
human-AI settings (Grosz & Kraus 1996). Cila (2022) applied SCA to derive eleven
design considerations for human-agent collaboration in HCI. Prior works remained
within collaborations involving pairs of two participants (Bratman 1992, Cila 2022). We
extend SCA to multi-participant settings, using its three conditions as the theoretical
basis for CAIS.

4 Methodology

This research follows a theory-driven conceptual methodology (Gregor 2006, Webster
& Watson 2002) in three steps: a deductive, confirmatory systematic literature review
following Webster & Watson (2002), a theory-guided conceptual analysis using Brat-
man’s (1992) SCA theory as a kernel theory (Gregor 2006), and expert consultation to
validate and refine the derived principles. The three collaboration principles are derived
from SCA’s three conditions, with the SLR serving to identify empirical manifestations
of those conditions in the IS literature and to document the specific challenges through
which they surface in organizational multi-agent settings.

Four experts participated from two complementary perspectives: two with a tech-
nical background in multi-agent systems and MCP architectures, and two with an IS
background in human-AlI collaboration. Experts were selected based on two criteria:
demonstrated publication record in the respective domain and direct experience with
either MCP-based system deployment or empirical human-AlI collaboration research.
Each consultation lasted 30-45 minutes. Experts received the challenge categorization



derived from the literature (Figure 1) and the mapping of challenges onto SCA condi-
tions (Table 1) for independent review prior to discussion. Their input led to refinements
regarding the categorization of challenges by locus (human, shared, MAS) and the bound-
ary conditions for organizational deployment. The mapping of challenges onto SCA
conditions was established deductively and was not subject to expert revision; the expert
consultations refined the locus dimension, not the SCA dimension. We acknowledge that
convergence effects are possible given the small sample and group discussion format, to
be discussed in the limitations.

4.1 Review Method

We conducted a systematic review following the guidelines of Webster & Watson (2002).
Aimed to capture Agentic Al and MAS in IS contexts that exhibit autonomy, adaptivity,
and planning to goal-orientation and orchestration, in organizational settings, we searched
the following databases to ensure broad disciplinary coverage across IS and computer
science: Scopus, IEEE Xplore, ACM Digital Library, AIS eLibrary, SpringerLink. We
included peer-reviewed journal and conference papers with an IS focus, published
between 1990 and 2026, within a business or organizational context, and human-Al
interaction involving virtual agents or coordination protocols with agentic or adaptive
characteristics. We excluded editorials, white papers, purely algorithmic studies, non-
organizational contexts, and fully scripted or rule-based systems.

Search Terms and Inclusion Criteria The search combined MAS, agentic Al, IS, and
coordination protocol terms across autonomy, planning, orchestration, shared intention,
and human-AlI collaboration dimensions, restricted to 1990-2026. We first filtered based
on title, abstract, and full-text relevance. The initial search yielded 812 papers. After
removing 171 duplicates, 641 papers underwent title and abstract screening. Applying
the inclusion and exclusion criteria, 401 papers were excluded at the abstract stage
and 127 at full-text review, leaving 113 papers for in-depth analysis. A final screening
removed 63 papers that did not meet the inclusion criteria in terms of IS relevance,
resulting in 50 papers for in-depth analysis.

4.2 Conceptual Analysis and Coding

In the second step, we performed a conceptual analysis (Gregor 2006, Walls et al. 1992),
examining collaboration challenges current MAS applications have in organizational
contexts. Through an iterative process of literature mapping, conceptual refinement, and
theoretical synthesis (Gregor & Hevner 2013), we identified seven recurring challenges
and categorized them along two dimensions: by locus (human, shared, MAS), as shown
in Figure 1, and by corresponding SCA condition, as shown in Table 1. We then derived
the three collaboration principles from Bratman’s (1992) SCA theory as a kernel theory.
The expert consultations served to validate the challenge categorization, confirm the
plausibility of the SCA mapping, and identify refinements. Two experts assessed techni-
cal feasibility from an MCP and multi-agent perspective; two assessed organizational
applicability from an IS perspective.



Table 1. Collaboration Challenges in Agentic IS

Challenge Illustrative scenario from IS literature SCA Principle

Goal divergence Coding agent continues feature development while security agent has identified a Joint Activity
under autonomy blocking constraint; neither updates a shared state (Dafoe et al. 2021, Dolata et al.
2023, Tolzin & Janson 2026)

Unidirectional An agent detects overload but cannot reassign tasks to a human or peer without Mutual Respon-
orchestration explicit human instruction (Holldack et al. 2026, Masters et al. 2025, Jakob et al. siveness

2024)
Accountability gaps A security gap emerges from three sequential agent decisions, none of which was Mutual Respon-
in delegation individually erroneous (Constantinescu & Kaptein 2025, Kumar et al. 2026) siveness
Skill erosion A developer loses the ability to detect insecure code patterns because the security Mutual Support
through automa- agent has handled them for months (Kumar et al. 2026, Rinta-Kahila et al. 2023,
tion Bruhin & Bauer-Hinsel 2025)
Absence of inter- A review agent repeatedly flags false positives but the coding agent’s generation Mutual Support
agent learning patterns never adjust (Dellermann et al. 2019, Naik et al. 2025, Wu et al. 2025)
Common ground  Agents cannot surface their current objective state to human partners, causing  Joint Activity
failure interface breakdowns across the agent network (Tolzin & Janson 2026, Dolata

et al. 2023)

Protocol fragmenta- Each agent-tool integration requires bespoke connectors, making auditing and  All principles
tion override structurally impossible (Chan et al. 2025, Hou et al. 2026)

Types of Human-MAS Collaboration Challenges

Humans Shared MAS
1> ) 7[}1117(171&&1;,;1;17 o ; Protocol 3 Absence of inter |
' orchestration ! fragmentation . -agent learning |
l> i 7Aécitgllinitaill;ﬁlit3; o 3 Common ground i Goal divergence |
. gaps in delegation ! failure . under autonomy !

Figure 1. Model of Interacting Challenges in Human-MAS Collaboration

4.3 Human Validation

To assess the operationalizability of the three SCA-derived principles, we conducted
a human annotation study within the software development sandbox described in Sec-
tion 5.4. Four raters independently annotated 50 randomly sampled sandbox turns, drawn
from a MCP-based multi-agent environment instantiating the vignette. For each turn,
raters received the agent’s reasoning and action. They assigned one SCA label, joint
activity, mutual responsiveness, or mutual support, independently to each of two fields:
reasoning (the agent’s stated thought process) and act ion (the executed operation),
together with a confidence score and open comment. After independent annotation,
disagreements were adjudicated to produce a reference set used for quality assurance.

4.4 Interrater Agreement

Interrater agreement (McHugh 2012) was computed on the raters’ independent labels
prior to adjudication, using Fleiss’ kappa (1971). Out of the 50 rated items in total, 9



were screened out due to unresolvable disagreement. Afterwards, agreement was high
for reasoning (k = 0.88, n = 41 items with complete four-rater labels), confirming
that the collaboration principle underlying is reliably recoverable from observation.
Agreement was low for action (k = 0.11, n = 49), indicating that the SCA prin-
ciple instantiated by an agent’s executed operation is frequently ambiguous to human
observers, see Table 2. While an agents’ reasoning can be mapped to a collaboration
principle with high reliability, the action itself does not carry sufficient context for
unambiguous classification. This finding directly motivates the mutual orchestration
principle—agents operating in MAS cannot be monitored through action observation
alone, and human oversight requires access to reasoning traces, not only to behavioral
outputs (Holldack et al. 2026, Constantinescu & Kaptein 2025).

Table 2. Annotation Example with high Agreement: Human Rater Coding of a Sandbox Turn

Agent Reasoning Agent Action

"thought": "I’11 start by doing a "action":
directory listing to get a better wq: : "
understanding of the structure." n;iggwfl]{'%;a{:hn: nony

Label (all four raters): Joint Activity =~ Agreement: 100% for Reasoning, 0% for Action

Rationale: The agent orients toward shared environmental state before acting. Inspecting the directory structure
is a plan-meshing move: the agent aligns its sub-plan with an unknown shared workspace rather than executing
a locally cached assumption. Raters identified this as instantiating joint activity, the SCA condition requiring
participants to surface and align their objective state with the broader task context.

5 Extending Shared Cooperative Activity to CAIS

Collaborative Agentic Information Systems (CAIS) extend agentic IS (Holldack et al.
2026) to settings in which multiple Al agents and human participants pursue shared goals
within a common protocol. Structurally, CAIS are characterized by three properties: a
shared runtime environment coordinating heterogeneous agents and humans; bidirec-
tional delegation, enabling both humans and agents to initiate task and role transitions;
and persistent context, through which all participants access and update a common
representation of goals, capabilities, and state. These properties distinguish CAIS from
classical MAS, where humans remain external supervisors, and from dyadic agentic IS,
where collaboration involves a single human-agent pair. SCA operationalizes the collab-
orative layer of CAIS: its three conditions specify what joint activity, responsiveness,
and support require across this multi-participant structure. Table 1 summarizes the IS
research findings grounding this operationalization.

5.1 Joint Activity

In human-MAS settings, joint activity cannot rely on language and social norms but must
be approximated through interfaces and task specifications (Cila 2022, Seeber et al. 2020).
Breakdowns frequently originate in goal misalignment or unclear agent roles (Mayer et al.
2024, Gomez et al. 2025). Dafoe et al. (2021) argue that the capacity to find common
ground is a prerequisite for cooperative Al at any scale (Tolzin et al. 2023, Tolzin &
Janson 2026). Interfaces fail when agents cannot surface their objective state to human



partners (Dolata et al. 2023), and multilateral collaboration requires mechanisms for
aligning task ownership and decision rights as conditions change (Hofmann et al. 2024).
In nascent multi-agent settings, this challenge compounds: multiple agents can shift
human positions without shared intentionality (Song et al. 2025), and goal states diverge
across specialized agents as a structural property of multi-agent Al in organizations
(Allmendinger et al. 2026). Applying SCA’s joint activity to these settings implies that
agentic IS apply continuous, explicit goal negotiation mechanisms that surface each
agent’s current objective state to all participants, throughout task execution. This directly
addresses the challenges of goal divergence under autonomy and common ground failure
identified in Table 1: both originate in the absence of a shared, continuously updated
goal state accessible to all participants.

5.2 Mutual Responsiveness

In dyadic human-Al settings, responsiveness is unidirectional: the human monitors and
adjusts, the Al system reacts (Gomez et al. 2025, Kolbjgrnsrud 2023). Task division and
roles shift dynamically in MAS based on demands and resources (Du et al. 2025, Shen
et al. 2023, Xu & Topi 2017), and performance gains depend on calibrated expectations
about each party’s capabilities (Fiigener et al. 2022). Formalized as a workflow, a manager
agent decomposes goals and adapts to changing conditions while informing human
participants (Masters et al. 2025). Jakob et al. (2024) identify role boundary fluidity
as the primary design challenge in human-agent systems. Yet in multi-agent settings,
responsiveness must be bidirectional: Holldack et al. (2026) argue that agentic IS enable
novel forms of delegation where Al agents can initiate role transitions autonomously.
Applying SCA’s mutual responsiveness to these settings implies that agentic IS require
architectures in which both humans and AI agents can propose, accept, and redirect
task assignments in real time. Responsiveness that flows only from human to agent is
insufficient for collaboration within MAS; it reproduces the delegation asymmetry that
SCA’s second condition is designed to overcome. This is precisely the failure mode
captured by the challenges of unidirectional orchestration and accountability gaps in
delegation (Table 1): in both cases, the inability of agents to initiate role transitions
or surface decision-relevant state to peers produces coordination failures that human
oversight alone cannot prevent.

5.3 Mutual Support

In dyadic settings, mutual support has been approximated through Al assistance to the
human (Kamar 2016, Hemmer et al. 2021); performance gains depend on mutual learn-
ing as each side adapts to the other’s strengths (Dellermann et al. 2019). Performance
monitoring improves complementarity (Hemmer et al. 2021) and signals task redistribu-
tion when one agent detects each others incapacity (Wu et al. 2025); collective reasoning
visibility is essential for maintaining oversight as agents co-evolve (Naik et al. 2025).
Automation causes skill erosion: as agents take on demanding tasks, human supervisory
capacity declines, increasing automation dependence (Rinta-Kahila et al. 2023) in ways
performance measures alone cannot address (Kumar et al. 2026). Applying SCA’s mutual
support implies that MAS require system-level co-learning mechanisms that update all
participants’ behavioral models, and that explicitly preserve human supervisory capacity



as a design objective. Support that flows only from agent to human task completion
is insufficient; mutual support requires that the system actively maintains the human
capacity to oversee and intervene. The challenges of skill erosion through automation
and absence of inter-agent learning (Table 1) reflect exactly this gap: without co-learning
mechanisms, the system optimizes individual agent performance while degrading the
collaborative capacity on which reliable human oversight depends.

5.4 CAIS as an MCP

Two properties distinguish human-MAS settings from dyadic cases. First, intentional
alignment cannot be presupposed among heterogeneous participants but must be archi-
tecturally sustained at runtime. Second, support and responsiveness operate across an
agent network, not within a single pair. We therefore operationalize the three conditions
as collaboration principles for CAIS:

Joint activity becomes dynamic goal alignment within a resource layer: persistent,
readable, and writable state exposed to all participants provides the functional basis for
continuous goal negotiation. Mutual responsiveness becomes mutual orchestration within
a tool layer: tools are the protocol primitive through which agents invoke capabilities and
delegate tasks, making the tool layer the natural site for bidirectional role reassignment.
Mutual support becomes adaptive action and co-learning within a sampling layer:
sampling routes model-level updates and elicitation routes requests to human participants,
jointly sustaining inter-agent behavioral updating and human supervisory capacity. The
MCP Host acts as the boundary between the agent network and the organizational
environment: it aggregates context across clients, enforces consent requirements, and
routes elicitation requests to human participants, positioning them as active collaborators
within the protocol. Figure 2 shows the framework embedded within an organizational
IS context, the code can be examined (Kozachek 2026).

coordination, securit
MCP Host r Sec ¥
context aggregation
MCP Clientl MCP Client2 MCP ClientN
MCP Server MCP Server MCP Server
Resources Tools Sampling
Dynamic Goal Mutual Adaptive Action
Alignment Orchestration &Co-Learning
Humans via Host/Elicitation

Figure 2. The CAIS-MCP embedded in an organizational IS context. The MCP Host coordinates
human participants and Al agents through three protocol layers, each instantiating one SCA-
derived collaboration principle and implemented in Kozachek (2026)

Vignette: Software Development. Consider a setting in which organizational IS hosts
an MCP-based development environment where three Al agents operate alongside



human developers: a coding agent responsible for implementing features, a security
agent responsible for scanning code for vulnerabilities and managing access credentials,
and a review agent responsible for evaluating code quality and flagging issues. The
human developers retain oversight and decision rights.

Dynamic Goal Alignment operates through the resource layer. The shared develop-
ment objective, implementing a new API endpoint with a specified security standard,
is exposed as a writable resource accessible to all participants at runtime. When the
security agent detects hardcoded credentials, it updates the shared goal state to surface
this as a blocking constraint. The coding agent reads this update and adjusts its sub-plan,
switching from feature implementation to credential remediation, without requiring a
central coordinator to propagate the change. The human developer observes the current
shared objective state and proposes updates if organizational priorities shift. Goal trans-
parency becomes an architectural property rather than an incidental feature (Schmitt
2024): the system requires active engagement from all participants rather than passive
acceptance of a fixed plan (Dafoe et al. 2021, Dolata et al. 2023, Allmendinger et al.
2026).

Mutual Orchestration operates through the rool layer. The security agent exposes a
credential-scanning tool and a vault-access tool that other agents can invoke. When the
coding agent requires a database connection, it invokes the vault-access tool rather than
hardcoding credentials, following a role assignment negotiated through the tool layer.
When the security agent detects a vulnerability requiring immediate attention, it invokes a
task-reassignment tool to redirect the coding agent’s next action. The human developer’s
override mechanism is registered as a privileged tool within the same protocol, taking
precedence over any agent-initiated reassignment. Every delegation action is thereby
explicit, auditable, and interruptible, preventing both the bottlenecks of requiring human
approval for every agent action and the oversight gaps that arise when agents act without
human awareness (Holldack et al. 2026, Masters et al. 2025, Constantinescu & Kaptein
2025, Strunk et al. 2024).

Adaptive Action and Co-Learning operates through the sampling and elicitation
layers. When the review agent identifies a recurring pattern of insecure coding, it
initiates a sampling request to the coding agent, sharing its findings and requesting an
updated behavioral model for future code generation. The coding agent incorporates the
feedback and adjusts its generation patterns. When the security agent flags false positives
at high frequency, it routes this uncertainty to the human developer via elicitation as
a structured request for threshold adjustment, rather than resolving it autonomously.
The human developer engages with the substantive content of the security decision
rather than monitoring automated outputs passively. Over time, all participants adapt
their contributions based on shared performance signals. Co-learning becomes a system
property rather than an incidental side effect, explicitly preserving human supervisory
capacity as agent autonomy increases (Kumar et al. 2026, Rinta-Kahila et al. 2023,
Dellermann et al. 2019, Naik et al. 2025).



6 Discussion

6.1 Theoretical Contributions

A challenge in applying SCA to CAIS concerns intentionality. Bratman’s (1992) condi-
tions presuppose agents with mental states in a human-like sense. LLM-based agents
produce outputs conditioned on context rather than pursuing goals through intentions
(Holldack et al. 2026). We address this by interpreting SCA’s conditions functionally:
Joint activity is instantiated not through shared intention but through shared, writable
state that all participants read and update; mutual responsiveness is instantiated not
through social sensitivity but through protocol-level event triggers and capability negoti-
ation; mutual support is instantiated through co-learning mechanisms that redistribute
behavioral updates across the agent network. LLM agents are not intentional in Bratman’s
sense, but the coordination requirements SCA identifies, alignment, responsiveness, and
support, can be architecturally sustained without presupposing an anthropomorphic state
of agency.

Therefore, this paper offers three theoretical contributions. First, CAIS positions
humans and multiple Al agents as collaborative peers within a shared protocol. This
reframing that neither hybrid intelligence (Dellermann et al. 2019, Rai et al. 2019)
nor classical MAS research (Panzarasa et al. 2002, Song et al. 2025) addresses: how
collaboration requirements change when intentionality cannot be presupposed but must
be architecturally sustained. Second, we extend SCA from dyadic to multi-agent settings:
joint activity requires continuous negotiation as goal states diverge structurally (All-
mendinger et al. 2026); mutual responsiveness requires bidirectional role reassignment
as unidirectional oversight reproduces delegation asymmetry (Holldack et al. 2026);
and mutual support requires system-level co-learning preserving human capacity, as
task-only support risks skill erosion (Kumar et al. 2026). Third, we illustrate that these
collaboration principles can be instantiated within an existing open protocol. The map-
ping of dynamic goal alignment onto the resource layer, mutual orchestration onto the
tool layer, and adaptive action and co-learning onto the sampling layer suggests that MCP
provides protocol-level primitives that correspond to the three SCA-derived requirements.
This instantiation does not validate the principles empirically but shows the framework
is amenable to architectural implementation and identifies where MCP’s primitives
may only partially address CAIS requirements, particularly persistent co-learning and
formalized goal negotiation (Constantinescu & Kaptein 2025).

6.2 Practical and Organizational Implications

The three collaboration principles suggest practical considerations for organizations
deploying MCP-based multi-agent systems, while surfacing tensions that warrant further
investigation. Dynamic goal alignment addresses delegation at the goal level. When Al
agents pursue goals autonomously, objectives must be renegotiated at runtime rather
than fixed at design time (Dafoe et al. 2021, Dolata et al. 2023, Xu & Topi 2017).
Mutual orchestration addresses delegation at the task and role level. The tool layer
offers a mechanism by registering role assignments and human override rights as callable
tools (Holldack et al. 2026, Masters et al. 2025). Because every delegation action is
logged with its initiator, target, and authorization state, the tool layer also provides



the audit trail necessary for attributing accountability across sequential agent decisions
(Constantinescu & Kaptein 2025).

Adaptive action and co-learning addresses the long-term consequences of delegation
for human oversight. The sampling and elicitation layers may preserve human engage-
ment by routing inter-agent updates and information requests through a single protocol
(Kumar et al. 2026, Rinta-Kahila et al. 2023). However, as agents update behavioral
models, their effective objectives may drift from the negotiated goal state (Fiigener et al.
2022, Hagemann et al. 2023).

6.3 Limitations and Outlook

CAIS-MCP is derived from IS literature and SCA theory, not from practice. The expert
consultation involved four participants, and while independent review preceded group
discussion, convergence effects cannot be excluded at this sample size. The human
annotation study was conducted within a single sandbox environment instantiating the
software development vignette; generalizability to other organizational domains and
agent architectures remains to be established. Future research should empirically test
the framework in organizational field studies and design science research (Gregor 2006,
Kumar et al. 2026). The principles target collaborative agentic archetypes and may
require modification for fully autonomous settings (Holldack et al. 2026, Allmendinger
et al. 2026); their abstraction level means implementation will differ across sectors,
risk profiles, and regulatory contexts (Fiigener et al. 2022, Hagemann et al. 2023). We
see three primary directions: empirical validation through organizational field studies,
measurement instrument development to quantify the three principles, and comparative
studies across sectors to establish boundary conditions (Constantinescu & Kaptein 2025,
Jakob et al. 2024).

7 Conclusion

Human-AI collaboration research has been anchored in dyadic settings. This paper ar-
gued that LLM-based multi-agent systems require a different theoretical foundation and
proposed Collaborative Agentic Information Systems as a conceptual framework. Draw-
ing on Bratman’s (1992) Shared Cooperative Activity theory and a systematic literature
review with expert consultation, we operationalized SCA’s three conditions as collabora-
tion principles for human-MAS settings: dynamic goal alignment, mutual orchestration,
and adaptive action and co-learning. Each condition transforms in the transition from
dyadic to multi-party collaboration: alignment must be continuously negotiated, respon-
siveness requires bidirectional role reassignment with traceable accountability across
sequential agent decisions, and support must preserve human supervisory capacity as
agent autonomy increases. The instantiation within an MCP suggests that resource, tool,
and sampling layers provide the architectural primitives through which these principles
can be implemented, while also revealing tensions between them: goal transparency
may produce coordination cascades, autonomous orchestration may undermine goal
coherence, and co-learning may cause objective drift. These tensions cannot be re-
solved conceptually but mark empirically testable boundary conditions for deploying
collaborative agentic IS in organizational contexts.
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