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Abstract: Collaboration with Al has crossed the divide from curiosity in the lab to a core expectation of enterprise
automation, especially in regulated and high-reliability systems. Al assistants based on LLMs, RAG, and agentic
AlOps are all indispensable tools for engineers and support professionals when it comes to knowledge retrieval,
drafting, incident triage, root cause analysis, and workflow automation. However, quality engineering teams can
rely upon human-in-the-loop (HITL) collaboration to accelerate test design, understand defects, and assess safety
for release. This can lead to operational hazards, including hallucinations (confabulation), automation bias, model
drift, exposure of private training data, and governance issues, which can erode trust in Al outputs when they're
assumed to be correct. This summarizes the state of the art in human-Al interaction models, including the HITL
pipeline, mixed-initiative control sharing, and symbiotic teaming, and their supporting toolchains, benefits, and
challenges. To inform future governance directions, moving on to discussing NIST Al RMF 1.0 and Generative
Al Profile (NIST AI 600-1), ISO/IEC 23894, and ISO/IEC 42001. A hybrid governance approach is proposed. It
introduces principles for evidence-based grounding, risk-based autonomy, and traceable decision-making. Lastly,
it introduces a vision of collaborative adaptation where Al initiatives based on confidence, impact, and policy
constraints maintain human accountability while achieving scalability of productivity and reliability.

Keywords: Human-AI Collaboration, Human-in-the-Loop, Mixed-Initiative Systems, AIOps, AgentOps, Retrieval-
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1. Introduction and Theoretical Framework support systems were used by enterprises to
automate repeatable logic in narrow deterministic
workflows. While such systems bring localized

efficiencies, they are not general nor adaptive to

1.1 Background Context: From Automation to
Collaboration in Digital Service Delivery

Much enterprise software runs on digital services for
payment, identity, communication with customers,
or production-level cloud software. In these more
complex environments, the goal is reliability, not
just automation. A possible solution is human-Al
collaboration, where the AI takes on search,
synthesis, planning, and drafting, and the human
oversees it, provides validation, and is accountable

[6].

This neat progressive model was weakened when,
throughout the 1990s and 2000s, rule-based decision

Independent Researcher, USA

changing circumstances and environments, which
they cannot handle. In the 2010s, ML
recommendations became more commonplace to
classify patterns and as a means of improving
detection/triage, albeit with poor explainability.
Between 2020 and 2022, human-in-the-loop ML and
interactive ML brought people into the model
improvement cycle, enabling safer ML deployments
in high-cost-of-error domains [8][9]. Through the
combination of large language models, retrieval-
augmented generation, and agentic workflows, this
reshaping of collaboration has become an end-to-
end operational engine, which is helpful with the
necessary governance [1][2].
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Time Period Interaction Pattern

Primary Function

1990s-2000s Rule-based decision support

Automate repeatable logic

2010s ML recommendations

Predict and classify patterns

2020-2022 HITL ML and interactive ML

Human feedback improves model quality

2023—present

Al Assistants, RAG, and agentic workflows | Grounded generation and multistep assistance

Table 1: Human—AI Collaboration Evolution Timeline. Synthesized from [1, 2, 8, 9, 19, 20, 22]

Human-centered interaction patterns, such as
expectation setting, feedback loops, and efficient
error recovery, are prerequisites for real-world
operationalization [6], [7]. Organizations that treat
Al as a passive tool instead of a socio-technical
partner risk either underutilizing Al or relying on it
unsafely. If human-Al collaboration is considered
to be another layer of digital infrastructure, catering
to different requirements for reliability, auditability,
and monitoring, governance cannot just be about
error minimization.

1.2 Research Gap: Productivity Narratives
Outpace Trust, Auditability, and Safety
Documentation

In a business context, the benefits of Al are
increased productivity and speed. Productivity gains
are expected with generative Al assistants,
according to Microsoft's Work Trend Index and
New Future of Work Report 2023 [19][20]. While
throughput generalizability has been established in
field evaluations of Al coding assistants for software
development [20], similar evidence of safely and
responsibly deploying such systems in high-
reliability domains is nonexistent regarding privacy,
accountability, and failure modes [1][2] when
artifacts of high wvalue are at stake, such as
manufactured products, customers, or adherence to
related regulations. Standard evaluation frameworks
do not exist for overseeing identified oversight
activities, quantifying successful escalations, and
measuring the frequency of successful Al self-
corrections, all of which are operationally important
alongside model accuracy.

1.3 Objective and Parameters: Hybrid Focus
Across Operations and Quality Engineering

The article highlights a hybrid perspective of
production support and reliability operations (where
AlOps and AgentOps systems are employed for the
complete incident lifecycle) and quality engineering

(artificial intelligence is used for the test design,
validation, and release governance domains [15],
[16]) with the aim of showing that common
governance patterns can be used to align operational
and QA functions as a single organizational
capability instead of two distinct Al adoptions and
governance.

1.4 Conceptual Foundation: @ Human-Al
Collaboration as Trust Infrastructure

Trustworthy collaboration is motivated by a life
cycle view on risk. NIST AI RMF 1.0 organizes Al
risk management into four successive and
interrelated functions: Govern, Map, Measure, and
Manage. The Generative Al Profile (NIST Al 600-
1) provides a framework for the risk management of
generative Al, including confabulation, harmful
bias, and data privacy and security [1, 2]. ISO/IEC
23894 contains a guide to Al risk management.
ISO/IEC 42001 provides requirements for
establishing and maintaining an Al management
system. These standards lay out the policies,
controls, monitoring, and auditability needed for
responsible
Internationally, the risk-based and transparency
requirements from the EU Al Act are replicated in
jurisdictions where enterprises operate [5].

human-AlI collaboration.

1.5 Investigation Approach: Mixed Evidence and
Operational Metrics

The review of evidence draws upon peer-reviewed
literature, international standards and guidelines,
industry best practices, and operational data.
Examples of quantitative performance metrics
include mean time to acknowledge and restore
(MTTA/MTTR), alert noise reduction, defect
leakage, regression stability, review cycle time, and
audit completeness. Qualitative dimensions include
interpretability, the degree of escalation quality, the
ease of correction, and trust calibration, all
contributing to judging human-Al collaboration as a
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successful socio-technical system, not just as
software [11], [12].

2. Literature Review and Gap Analysis

2.1 Current Human-AI Interaction Models:
HITL, Mixed-Initiative, and Symbiotic Teaming

Human-in-the-loop (HITL) pipelines include
humans in one or more steps of data labeling, model
refinement, or decision validation [8], [9]. HITL
solutions are particularly useful when the costs of
misclassification are very high or when the domain
requires contextual grounding by humans. For
example, mixed-initiative systems dynamically
switch control between the Al and the human, but
the Al takes an active role in the interaction to help
the human, and the human remains in control of the
decision-making process [12]. Studies show that
mixed-initiative interaction has a positive impact on
teams' hypothesis generation speed and document
quality. Symbiotic models include Al as an adaptive
teammate, with agency and adaptivity increasing
with the context and its feedback [10], [13].
Literature on human-artificial intelligence (Al)
teams (e.g., [3]) and scoping reviews in human-
centered Al (e.g., [13, 14]) suggest that well-
functioning collaborative architectures are co-
adaptive and symmetric towards shared goals, rather
than asymmetric and focused on task offloading.

2.2 Human-Centered Design Guidelines and
Trust Calibration

Based on the work of Amershi et al., early human-
Al interaction guidelines were proposed, including
(1) making system capabilities and limitations
explicit for users, (ii) surfacing uncertainty so
humans can calibrate trust appropriately, (iii)
providing meaningful explanations for Al
recommendations, and (iv) allowing rapid
correction and graceful recovery from failures [6].
These guidelines were operationalized as design
patterns for enterprise Al systems in Microsoft's
Human-Al eXperience (HAX) Toolkit [7]. Trust
calibration is central to adoption, with over-trust
leading to errors from uncritically following unsafe
prescriptions and under-trust leading to reduced
adoption through the failure to capitalize on the
productivity benefits of Al support. Calibration
requires more than technically capable Al systems,
requiring an interaction design that makes
confidence and evidence visible to human
collaborators [11].

2.3 Evaluation and Metrics: Collaboration
Quality Beyond Model Accuracy

The most consistent theme of the collaboration
evaluation literature is the insufficiency of accuracy
as a measurement of success. Evaluation shows that
humans' measures (workload, speed of error
correction, the quality of decisions, and the
perceived transparency of the collaboration) are
important [11]. Fragiadakis et al. present a
methodological framework for evaluating human-
Al collaboration at the task and team levels. They
cite automation bias as a reason why increased Al
accuracy does not always lead to increased team
performance [11]. Agent evaluation research
recommends multi-round, partially observable
benchmarks and fine-grained progress metrics to
model operational settings and human-robot
collaboration more closely than pure human
capacity benchmarks [26][27]. AgentBench and
AgentBoard are benchmarks to evaluate multi-turn
LLM agents across environments on the quality of
the agent's sequential decision-making [26, 27].

2.4 Risk Management and Governance:
Standards and Regulatory Context

NIST Al RMF 1.0 and the NIST AI 600-1
Generative Al Profile contain five risk categories for
generative Al, including confabulation (e.g.,
hallucinations), harmful bias, privacy violations,
cybersecurity vulnerabilities, and misconfigured
human-Al interactions [1][2]. These types of risk are
real and occur in enterprise usage where humans do
not adequately oversee or validate Al outputs in
automated pipelines. ISO/IEC 23894 provides
process-level guidance for Al risk management,
complementing the framework-oriented approach of
the NIST AI RMF [3]. ISO/IEC 42001 provides
requirements for an organizational Al management
system (AIMS). An AIMS embeds continuous
improvement, stakeholder engagement, and
performance appraisal throughout the governance
lifecycle of Al [4]. Relation to ISO/IEC 42001 AWS
analysis shows that the cloud-hosted Al services
delivery model dominates enterprise AIOps and QA
automation  development and  production
environments [30]. The EU AI Act introduces
mandatory  classification and  transparency
obligations based on risk to an organization. These
shift enterprise Al governance concerns from best
practice to a legal requirement [5].

2.5 Research Gap: Under-Reported Failure
Modes and Operational Controls
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Despite wider interest in operationalization, the
literature is relatively silent on enterprise controls to
operate Al systems to manage human and machine
collaboration failure modes, e.g., risk-based
autonomy ladders that describe when AI is
authorized to act without human approval; evidence-
linking protocols that describe how Al activity
relates to human-reviewed source documents; and
audit artifacts that satisfy internal governance and
external regulatory scrutiny [15, 16]. Remedying
this situation requires a governance crosswalk to
map standards such as NIST Al RMF to enterprise
workflows of operation and quality engineering.

3. Hybrid Case Documentation: Operations and
Quality Engineering

3.1 Production Support and Reliability
Operations: AIOps and AgentOps

Production support teams struggle with high
volumes of telemetry, time pressure, and cognitive
overload when responding to incidents. AIOps
platforms provide software analytics that apply
machine learning techniques to telemetry data to
detect anomalies, correlate alarms in a distributed
computing environment, and recommend probable
root causes and remediation actions. Remil et al.
survey AlOps, focusing on incident management.
They review incident detection, correlation,
localization, and remediation methods in detail [15].
AgentOps extends this taxonomy to coordinating
LLM-based agents to automate multi-step incident
management tasks such as querying observability
systems, retrieving relevant runbook content,
generating diagnostic hypotheses, and suggesting
remediation steps [16].

AlOpsLab is a holistic evaluation framework from
Microsoft Research for cloud-based Al agents. One
can perform fault injection, microservice simulation,
and validation of agents' capabilities prior to
production deployment [16]. Pre-deployment
validation of these solutions is important since
Google's SRE incident response recommends
specific incident response processes, meaningful
alerting thresholds, and judiciously implemented
automation that does not cede human control during
incidents [17][18]. This is directly what the principle
of selective automation (i.e., automating retrieval
and drafting but keeping control over execution at
the human level), as per the risk-based autonomy
framework in this article, captures.

3.2 Quality Engineering and Test Automation:
Al-Assisted Coverage With Human Validation

Some applications include generating test cases
from natural language requirements, clustering
defect reports, providing risk summaries prior to
release readiness reviews, and analyzing code
changes to find gaps in test coverage. Al is being
used throughout the test lifecycle, from test
generation to test execution to test reporting. Al-
powered generation saves time and improves
consistency. Nevertheless, human review remains
essential to validate test oracles, determine boundary
conditions, check for release readiness when novel
risk is present, and satisfy regulated testing
standards [8], [9].

HITL lends itself particularly well to QA because
the costs of missed bugs are high and the contextual
knowledge required to define good testability
requirements is intrinsically tacit. Furthermore,
there is a clear division of labor: AI generates
candidate test cases and risk summaries, while
engineers validate and fine-tune them to balance the
generality of the Al's knowledge with human
knowledge.

3.3 Shared Governance Across Operations and
QA: Change Control as Collaboration Backbone

In summary, both operations and quality assurance
have a common risk-based change control model.
Low-risk operations (summarizing, drafting, and
read-only requests and retrievals) have greater
potential for machine automation since failures are
manageable, but human intervention is practical. A
medium-risk operation (runbook recommendations,
test plan recommendations, and diagnostic
hypotheses) requires explicit user permission.
Where high-risk activities are performed (changes in
production config, security -certificates, release
approval, and access control list), explicit approval
patterns, evidence URLSs, and full audit trail logging
are required [1] [3] [4].

When risk stratification has been implemented in
both run and quality assurance (QA) environments,
this creates a unified governance architecture.
Engineers in both areas use the same mental model
of human versus Al authority, reducing cognitive
burden and enabling consistent audit strategies.
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Domain Human Role Al Role Key Benefit Key Control
. Correlate signals; Lower MTTR
. Incident command: . Approval gates +
Incident response . propose RCA/next with control . .
approve actions . evidence links
steps sharing

Alert management

Define actionable
alerts

Noise reduction and
clustering

Reduced toil and
fatigue

SLO-based
alerting and
monitoring

Test planning

Define oracles and

Draft test cases and

Faster test

HITL review +

coverage goals risk summaries authoring traceability
. . Consistent o
. Sign-off and Summarize deltas . Audit trail +
Release readiness . . readiness .
compliance checks | and regressions .. change policy
decisions

Documentation

Finalize
stakeholder comms

Draft summaries,
action items

Faster updates

Human review +

source grounding

Table 2: Hybrid Collaboration Patterns Across Operations and QA. Synthesized from [1, 4, 8, 9, 15, 16,
17,18, 19, 20].

3.4 Knowledge Work and Communication: Al
Assistants for Consistent Stakeholder Updates

Al assistants work well in writing incident updates,
customer and stakeholder communications, change
requests, and postmortems [19][20]. These are
currently the most widely used applications in
enterprise use cases because the cost of a mistake is
low and the time savings are clear. According to
the Work Trend Index, those already using Al
assistants report increased productivity and better
quality of Al-generated drafts or summaries [19].
The highest productivity benefit is found when
human+AI use is iterative, involving review and
editing of drafts and re-grounding on approved
organizational content. Enterprise communication is
envisioned to be a collaborative mode of generating
information or content.

4. Benefits of AI Collaboration: How
Collaboration Enhances Human Effort

4.1 Cognitive Load Reduction and Faster
Sensemaking

Since Al support can minimize time searching and
synthesizing information from logs, incident tickets,
runbooks, requirements documents, and defect
histories, it can directly reduce MTTR, a key
reliability metric for maintaining performance
during incidents (where faster hypothesizing
improves efficiency). In QA, it can also reduce

review cycle time and improve decision-making
consistency about release readiness. Non-soft
benefits such as cognitive load reduction are
considered quantifiable outcomes that scale with the
number and complexity of information
environments enterprises operate within and across.

4.2 Standardization and Knowledge Retention

This is done with collaborative tools around incident
summaries, postmortems, test documentation, and
release readiness narratives, turning tacit expert
knowledge over time into explicit reusable
runbooks, test asset libraries, and verifiable alert
definitions. This effect has a compounding quality,
as a higher volume of human review and correction
of the Al-assisted documentation leads to a better
organizational knowledge base, which further
improves the Al's grounding sources in a virtuous
cycle [22].

4.3 Evidence of Productivity Improvements

Multiple  industry reports summarize the
productivity impact of Al collaboration. For
example, Microsoft's Work Trend Index reported
time and quality savings for early adopters of
generative Al when drafting, summarizing, and
retrieving information [19]. The New Future of
Work Report 2023 synthesizes experimental
evidence on the productivity effects of Al coding
assistants. Productivity increases from coding
assistants  generalizing across other
engineering tasks, such as documentation and code

related
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review. [20]. The ground truth generalization is
shown to hold well in the technical report of GPT-4
[21]. Altogether, all of these observations imply that
augmentation, rather than automation, is the model
likely to deliver the most sustained value in complex
enterprise contexts.

5. Risks and Limitations: Pitfalls in Human—-AI
Collaboration

5.1 Confabulation  (Hallucinations) and

Unsupported Recommendations

These models also have a tendency to invent false
but plausible-sounding information, or
"confabulate" or "hallucinate" [2][21]. Examples of
this behavior in production include incorrect
commands, nonexistent configuration options, and
attribution of causes to nonexistent factors. In QA,
this appears as test cases with inaccurate expected
values, invalid boundary conditions, or contrived
regulations.  Retrieval-augmented  generation
resolves this issue by grounding model output on
retrieved and vetted source documents, along with
citations from sources humans can read [22].
However, RAG has its limitations, including a
dependence on the knowledge base and the models'
ability to interpret the retrieved information, so
human review is advised when the recommendation
can be important.

5.2 Automation Bias and Over-Reliance

Another cognitive vulnerability is automation bias:
the tendency for users to prefer automated
suggestions over their own hypotheses, leading to a
decrease in independent research. In incident
response, engineers might unintentionally cause
service degradation or data loss by executing
remediation actions proposed by an Al without

additional verification [6][11]. In QA, there can be
systematic gaps in Al-generated test suites. This can
result in overconfidence in the coverage of tests
produced by the AI. Some mitigation strategies
include signaling uncertainty in the UI, providing
verification checklists in the supporting tools for the
workflow, requiring human checks for important
actions, and educating the organization [6][7].

5.3 Privacy, Security, and Compliance Exposure

Enterprise Al assistants and RAG systems typically
train on internal data artifacts with personally
identifiable information, such as post-incident
tickets, log files, security configuration documents,
and internal financial documents [2, 3]. Without
appropriate control,  data-handling
procedures, or redaction, data use by LLMs for Al
collaboration raises privacy concerns and regulatory
compliance. Enterprise Al modeling infrastructure
includes least-privilege and role-based data access
restrictions, secure logging, and data residency
restrictions [4, 30].

accCess

5.4 Model Drift and Knowledge Staleness

Deployments into enterprise operational settings
introduce changes to the operational context (e.g.
dependency upgrades or system changes); this can
produce a drift between LLM and retrieval
knowledge base (KB) over time, which is known as
"model or knowledge drift" within literature [2].
Degraded Al recommendations caused by drift are
particularly dangerous because they can look
confident and grammatically correct. Regular
monitoring, periodic refresh of the knowledge base,
and testing suites can be used to test Al
recommendations against the current running
system configuration to detect and reduce drift [15],
[16].

Risk Where It Pitfall Mitigation and Control
Appears
Confabulation Ops + QA Incorrect steps/tests RAG grounding, citations, human review
Automation bias | Ops + QA Unsafe actions / false Verification checklists; gating; training
assurance
Privacy leakage | Ops Sensitive data exposure Least privilege; redaction; secure logging
Drift Ops + QA Outdated guidance II\</[];)mtormg; periodic evaluation; update
Governance gap | Ops + QA Unclear accountability RACTI; audit trails, and change
management

Table 3: Risk Categories and Mitigations (Ops + QA). Synthesized from [1, 2, 3, 4, 6, 7, 11, 15, 16, 21, 22,

30].
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6. Tools and Platforms in Use: Industry-
Standard and Emerging Technologies

6.1 AI Assistants for Enterprise Knowledge
Work

Al assistant-like systems, such as generative Al
capabilities bundled into productivity applications
and tools for engineering, can assist in
summarization, generation, and information
retrieval throughout the organization [19][20].
These systems are improved when they are
grounded in and checked against the organization's
approved content and given knowledge retrieval
capabilities for authoritative internal knowledge
sources rather than only relying on the parametric
knowledge of the model [7].

6.2 Retrieval-Augmented Generation for
Evidence-Grounded Collaboration

RAG uses the generative capabilities of an LLM
plus a retrieval-augmented approach over
organization-specific knowledge sources to improve
the factuality and verifiability of what an Al says.
The initial work on RAG by Lewis et al. was on
knowledge-intensive =~ NLP  tasks; enterprise
implementations of RAG have been in runbooks,
test asset repositories, and  compliance
documentation [22, 28]. LangChain's retrieval-
augmented generation (RAG) infrastructure
provides open-source tooling to build RAG
pipelines. LangGraph provides human-in-the-loop
control on top of persistent stateful agent workflows
[28][29].

6.3 Tool-Use and Agent Reasoning Patterns

Chain-of-thought (CoT) prompting is a prompting
method that improves LLMs' reasoning quality by
asking the model to reason through intermediate
steps before producing its final prediction [23].
ReAct (Reasoning and Acting) interleaves reasoning
steps and tool calls (calling observability APIs,
searching the documentation, and running
diagnostic commands) to improve grounding and
interpretability [24]. Toolformer shows that LLMs
can learn when and how to call external tools,
allowing for more natural tool invocation in agentic
tasks. Together, these three families of methods
form the reasoning substrate for modern production-
grade AlOps agents [25].

6.4 AIOps and Agent Evaluation Frameworks

AgentBench provides a benchmark for LLMs as
agents, evaluating their performance in operational

scenarios. That work indicates the gap between
LLMs and enterprise applications [26]. AgentBoard
extends AgentBench with fine-grained performance
metrics for multi-turn, partially observable agent
tasks [27]. AIOpsLab provides a domain-specific
evaluation framework for cloud operations Als,
which includes fault injection and microservice
simulation. Before deployment, cloud operations
agents need to be evaluated in realistic deployment
scenarios, such as unexpected scale, timeouts, and
failures [16]. Evaluation frameworks are an
important infrastructure investment: obviously, an
Al agent should not reach production without
systematic evaluation evidence.

7. Vision for Future Collaboration: Governed
Synergy and Adaptive Autonomy

7.1 Risk-Based Autonomy and Policy-Bounded
Execution

To design future human-Al collaboration
architectures, autonomy ladders should be explicitly
calibrated to task criticality and to model confidence
and organizational policy [1], [4]. For example, at
low autonomy (LO-L2) levels, Al can provide
recommendations and evidence links, but humans
retain authority for decisions and actions. This is
appropriate for novel incidents, high-impact
production changes, and compliance-sensitive QA
decisions. Intermediate capability (L3) consists of
actions and communications as Al inputs, with
humans performing the review and signoff. This is
appropriate for routine change requests, incident
communication, and generating test plans. At higher
capabilities (L4-5), low-risk actions can be
performed autonomously under human supervision
and override, while high-risk actions can only be
performed autonomously under strict policy control
in well-characterized and well-validated
environments [12], [13].

This autonomy ladder operationalizes the principle
that AI projects should follow an increasing
autonomy path where confidence, evidence, and
policy are all simultaneously in it. It allows for
cross-functional governance to guide alignment of
thinking about operations, quality engineering,
security, and compliance via a shared language.

7.2 Explainability-by-Design

Al systems should expose evidence links,
uncertainty signals, and decision rationale as first-
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class outputs to support trustworthy human
collaboration [6], [10]. Explainability-by-design
reduces the time taken to verify Al-recommended
actions by incident responders and the quality
assurance review cycle of test cases and risk
summaries with a transparent rationale behind Al-
generated tests. As enterprise Al systems become
more integrated into business processes and
infrastructure, explainability-by-default will be an
important distinguishing quality characteristic of an
enterprise Al

7.3 Unified Learning Loops Across Operations
and QA

The most mature organizations will coalesce
postmortems, defect investigations, and test-failure
reviews curated, continuously updated
knowledge repositories. These repositories will
close feedback loops through RAG retrieval indices,

into

alert tuning models, runbooks, and test asset
libraries to transform collaboration from a
productivity tool to a mechanism for organizational
learning at scale. Also, this feedback architecture
requires investments in knowledge
workflows, review cadences, and data quality
governance, and it generates compounding returns
as the quality of the Al grounding and surrounding
organizational expertise increases.

curation

8. Governance Crosswalk: NIST AI RMF to
Enterprise Controls

The four NIST AI RMF functions are Governance,
Map, Measure, and Manage, and they can be applied
as a governance framework for hybrid human-Al
collaborative environments [1].

FIGURE 1 — HUMAN-AI COLLABORATION GOVERNANCE LOOP

GOVERNANCE
LooP

VALIDATE

Figure 1: Human—AI Collaboration Governance Loop. Adapted from [1, 2, 4, 6, 22].

In the govern phase, organizations should create
acceptable use policies, RACI matrices for Al-based
decisions, escalation processes to address failure
modes in Al, and an Al governance plan based on
the ISO/IEC 42001 Al management system standard

[4]. Examples of artifacts produced in this phase
include incident command authorities, change
approval workflows, release signoff roles, and
acceptable use policies for Al
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Under the map function, organizations should
identify system context, data sources, stakeholder
populations, and risk classification by impact and
sensitivity [1]. In operations, this means mapping
service dependencies and incident impact models.
This may involve creating maps of user journeys and
compliance risk profiles, as well as system cards,
data inventories, and risk registers.

Under the Measure function, organizations need to
determine and implement quality metrics and risk
indicators for Al-enabled workflows. Possible
operational risk indicators include MTTR impact,
false positive alert rates, and Al recommendation
drift indicators. Typical audit evidence includes
quality assurance (QA) measurements, such as
defect leakage, regression stability over time, and
Al-assisted coverage completeness [15], [16]. Other
examples include evaluation reports, monitoring
dashboards, and incident metrics.

To this end, organizations employing the
management function should implement mitigation,
monitoring, and incident response mechanisms
when Al systems exhibit undesirable behaviors or
fail [1, 3]. Rollback procedures, agent kill switches,
knowledge base refresh cycles, and corrective action
logs ensure effective operational control over the
collaboration of Al systems.

Conclusion

As complete autonomy remains insufficient for
complex dynamic systems, human-Al collaboration
is the baseline of enterprise digital
infrastructure. Especially in production operations

next

and quality shared governance
challenges of both domains are better suited for
hybridization than their respective siloed domains.

engineering,

Finally, concluding that hybrid interactions
combining Al-supported sensemaking and drafting
and human-enforced accountability and policy
constraints are optimal. This synthesis suggests four
main findings: (a) Retrieval-augmented generation
is a necessary building block for evidence-grounded
collaboration; (b) risk-based autonomy ladders
provide a useful governance vocabulary for cross-
functional collaboration; (c) downstream continuous
operational monitoring and knowledge base
maintenance are necessary operational functions;
and (d) NIST AI RMF 1.0, NIST AI 600-1, ISO/IEC
23894, and ISO/IEC 42001 provide a ready set of

mature, internationally agreed-upon standards for

[1]

[2]

[3]

[4]

[3]

[7]

[8]

translating governance intent into practicable
enterprise controls [1], [2], [3], [4].

As a socio-technical system with defined decision
rights, auditability, and feedback loops to ground Al
capabilities and develop human skills, human-Al
collaboration can measurably improve the
reliability, quality, and stakeholder trust of an
enterprise. Less of a focus will be placed on the
technology aspects and more on the governance
maturity, cultural transformation, and operational
discipline that will enable this collaboration to fulfill
its promise.
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