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ABSTRACT 

As healthcare organizations begin assigning accountable work to AI-enabled systems, healthcare managers naturally 
shift their focus to controlling what the Digital Worker may do, who supervises it, and what evidence it leaves. Digital 
Operations Systems (DOpS) address these concerns while generating structured evidence on sources used, actions 
attempted, exceptions encountered, corrections applied, and outcomes reached. This article explains how these Digital 
Operations artifacts turn work experience into organizational memory, which progressively accumulates as an 
institutional asset. The processes required to operate Digital Workers properly naturally support the development of 
Learning Health System capabilities. 
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Key points 
• Context enables present work; memory changes future work. 

Organizational context is supplied to the work a Digital Worker 
performs today. Organizational memory is what the institution 
retains because that work occurred. 

• Traces are not memory. Logging is not learning, and model self-
modification is not organizational learning. The organization 
learns only when reviewed evidence changes a future decision, 
process, or control. 

• Organizational memory is an institutional asset. It is local, 
cumulative, reusable, governable, portable, and 
compounding. While AI capability can be purchased, 
organizational memory has to be accumulated. 

• Continuous learning can be built incrementally. The 
primitives required to operate one Digital Worker well are the 
primitives a learning operation requires, so the capability does 
not have to begin as an enterprise program. 

• Learning should survive technology change. Models, agents, 
and suppliers should be replaceable without requiring the 
institution to forget what it learned while operating them. 

Organizations forget more than they realize 
Institutions appear durable. Buildings, balance sheets, policies, 
and information systems create an impression of continuity. 
However, much of the knowledge that supports work resides with 
people, in routines that evolve through informal corrections. For 
example, experienced staff know which payer policy is current 
and which local workaround is necessary. Formal documentation 
describes the intended process, while operational knowledge 
lives in the workers who know how it behaves under pressure. 

Organizational theory has historically treated this as an 
unavoidable structural condition rather than a management 
failure. Meanwhile, researchers in this field have traditionally 
defined organizational memory as stored information from an 
institution’s history that can be applied to present decisions. 1 

 

This nuance matters because most organizations have typically 
encoded operational excellence as a collection of routines, rules, 
and practices. As a result, much of what a healthcare institution 
knows is expressed in repeated behavior rather than formal 
declarations.2  

That is unfortunate, as the most valuable operational experiences 
arise when normal conditions fail: a rule conflicts with another, a 
payer changes behavior, a supervisor corrects a judgment call, or 
a near miss exposes a fragile handoff. These are the moments 
when an institution could learn the most, but it is not infrequent 
for these issues to be resolved locally and then forgotten.  

Digital Labor continuously creates evidence 
This condition shifts with the introduction of Digital Operations, 
which is based on creating a detailed record of sources used, 
actions taken, exceptions faced, human corrections, approvals, 
overrides, escalations, timing, results, and incidents. Previously, 
a coordinator’s judgment was only evident in the final outcome, 
but digital execution provides an inspectable trail showing how 
that outcome was achieved. 

The claim is not that the AI model learns on the organization’s 
behalf. Recent agent-memory research distinguishes several 
forms and functions of agent-memory and examines how 
experience forms, consolidates, retrieves, and retires.5,6 Agent 
memory can improve continuity or capability inside an AI system. 
Organizational memory is a distinct DOpS feature, as it changes 
what the institution knows and does under its own accountability.  

Therefore, the claim is more specific: Digital Workers generate a 
detailed and organized evidence base that enables the 
organization to learn. Storing operational data is necessary but 
insufficient, as effective organizational memory emerges only 
when retained experience is governed and reused to change 
future work.  

The process scales by using AI to identify patterns and suggest 
potential lessons, which responsible individuals then adjudicate 
by interpreting the evidence and deciding on necessary changes. 
A validated lesson or decision concerning a supervision rule, an 
escalation threshold, an autonomy decision, an evaluation case, 
a staffing model, or an operational control may change a 
workflow. (Fig. 1). 
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FIGURE 1 - The organizational learning loop. Context supports work, work generates evidence, and evidence becomes memory only after interpretation and approval 

produce an Organizational Learning Object. Without the return path, the system is a repository rather than a learning operation. 

Context and memory are distinct 
Digital Operations manages two closely related assets that serve 
different functions. Organizational context is the local knowledge 
and operating state required for dependable execution, which 
needs to be current, authoritative, applicable, role-specific, and 
supplied to the worker. Organizational memory is what the 
institution retains from past work, including validated lessons that 
are preserved so future work and decisions can improve. They are 
tightly linked because experience needs context to become 
transferable knowledge3,4.  

The distinction is operational rather than semantic. Context is 
consumed at the moment of action. Memory is produced from 
experience through interpretation. The relationship runs in one 
direction and then loops back, as context supports work; work 
generates evidence; evidence is interpreted; interpretation 
produces memory; and memory changes future work, which in 
turn generates evidence (Fig. 2). 

Traces are not organizational memory 
A trace indicates that an event has taken place, but it does not 
equate to learning. Even a complete record of events does not 
necessarily translate into learning, as seen in many organizations 
that hold extensive data that is not translated into operational 
evolution or better outcomes.  

The distinction is easy to test. A log that is stored but never used 
is not memory. A supervisor correction that disappears into a one-
off prompt edit is not memory. A recurring exception resolved 
repeatedly, without changing a payer playbook or an escalation 
rule, is not memory. A health system can accumulate telemetry 
without becoming a learning organization. 

The organization learns only when reviewed evidence changes a 
future decision, process, control, or operating condition, and 
when the changed work, in turn, generates new evidence. In sum, 
patient-safe systems should focus on learning from failures and 
redesigning processes, not merely recording incidents. 7,8 

Evidence becomes memory through interpretation 
Imagine a prior authorization Digital Worker operating in 
supervised production. It constantly escalates cases related to 
one payer’s imaging policy. Simply completing each case 
increases throughput but doesn’t foster learning. Conversely, if 
the Digital Operations System (DOpS) detects this pattern, 
pinpoints the source of ambiguity, updates the payer playbook, 
revises the source hierarchy, adjusts the escalation threshold, 
and records the reason, it effectively transforms work into 
institutional memory. As a result, the next similar case taken by 
the managed Digital Worker is handled differently as the DOpS 
enables it to benefit from this accumulated knowledge. 

Conversion from interpretation into action requires governance, 
because not every correction should become a rule. We need to 
consider that some corrections are case-specific, others reflect 
local preferences, encode bias, or optimize for speed while 
increasing risk. Interpretation is the step where observations are 
given organizational meaning and where judgments about 
generalization are made.9,10  

Agent architectures describe a structurally similar step: systems 
that merely accumulate an experience stream perform worse 
than those that periodically synthesize it into higher-level 
inferences. Reference architectures separate these instance-
level records from the abstracted knowledge they derive.11,12 The 
organizational version of that step cannot be automated in the 
same way because deciding whether a lesson holds is an 
accountability judgment rather than a summarization task. 

Healthcare quality practice already applies this discipline to 
adverse events, asking whether an event reflects individual error, 
unclear process, weak design, or organizational culture before 
proposing policy changes.13,14 The same standard should apply to 
Digital Labor, and it carries a cultural requirement. Staff will not 
surface corrections, near misses, or workarounds into a system 
they believe is scoring them. Evidence used punitively produces 
quieter workflows rather than safer ones.15 
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FIGURE 2 - Context and memory: connected but distinct. Context is what a Digital Worker needs to perform today’s work; memory is what the institution retains 

because that work occurred. Memory may update context, but context is one destination among many. 

The Organizational Learning Object 
Interpretation would remain a conversation without a managed 
functional unit. Therefore, DOpS uses an Organizational Learning 
Object, an artifact that turns operational evidence into reusable 
institutional learning. It is treated as a first-class DOpS record, not 
a note attached to a ticket. 

An Organizational Learning Object carries the evidence observed, 
the interpretation applied, the scope within which the lesson is 
believed to hold, the confidence attached to it, the proposed 
change, the institutional assets it would affect, its provenance, 
the accountable reviewer, its approval status, and the conditions 
under which it should be reviewed or retired. Those fields make a 
lesson auditable and reversible. Without them, a lesson is difficult 
to distinguish from an opinion that happened to be adopted. 

Its output can change organizational context, source hierarchy, a 
workflow, supervision and escalation rules, a role definition, 
delegated authority, an evaluation case, an operational control, 
reviewer allocation, or a strategic decision (Fig. 3). Scope 
discipline matters here as an equity safeguard as well as an 
operational one: a lesson learned from one payer, service line, 
language group, or patient population should not be generalized 
silently to others, and the review that determines whether a lesson 
generalizes is where differential impact should be examined. 

 

 

 
FIGURE 3 - Anatomy of an Organizational Learning Object. The fields on the left make a lesson auditable, reviewable, and reversible; the institutional assets on the right 

are what an approved lesson can change. Organizational context is one of several destinations of institutional learning. 



LIVE ARTICLE - AUGUST 2026 

© 2026 ConverGen AI  4 

Memory as an institutional asset 
Memory accumulates through increasing generalization. A single 
case produces case evidence: sources used, actions taken, 
reviews performed, outcomes reached. On the other hand, a 
Digital Worker accumulates worker experience across many 
cases: recurring errors, coaching history, escalation behavior, 
override patterns. Patterns across workers and cases produce 
workflow learning, which can be centered on payer behavior, 
referral bottlenecks, and documentation defects.  

Organizational learning compounds through the accumulation, 
transfer, and deliberate institutionalization of experience.3,16,17 In 
Digital Operations, validated lessons that generalize become 
organizational memory, which can be managed as a local, 
reusable, governable, portable, and compounding institutional 
asset (Fig. 4). 

We also need to consider where to consolidate such memory. 
Technology vendors will likely remain essential in this setting. 
They supply models, agent frameworks, applications, 
infrastructure, and cross-customer learning that no single 
institution would build alone. The question is not whether to use 
them, but to decide where the learning accumulates. 

Vendor and organizational incentives overlap on this matter but 
are not identical. A technology supplier naturally benefits from 
generalizing patterns that improve its product across customers. 
A healthcare organization frequently needs the opposite 
operation as well. They aim to preserve highly local lessons that 
may apply only to a single contract, workflow, patient population, 
or supervisory rule. Neither behavior is inherently undesirable. 
They operate at different levels and create distinct gravitational 
pulls. The more specific a lesson becomes to an organization’s 
context, decisions, and operating history, the more naturally it 
belongs in the institution’s memory layer rather than in a 
supplier’s product offering. 

The consequence is structural rather than political. If role 
definitions, context, corrections, and operating lessons reside 
primarily inside a proprietary external environment, changing the 
technology may also remove or degrade access to accumulated 
organizational learning. If memory is maintained as an institution-
controlled asset, the technology can change while the learning 
persists.  

The overarching operating principle should be simple: models and 
tools should be replaceable without requiring the organization to 
forget what it has learned. 

The location where data is processed and compute is executed 
should not define asset ownership. Healthcare organizations 
already use external cloud compute infrastructure under 
contractual and technical controls, and a supplier may process 
information while the institution retains ownership, portability, 
provenance, and governance of the resulting memory. That 
distinction matters because the organizational memory that 
resides in a DOpS holds more sensitive material than a 
conventional knowledge repository. It goes beyond source 
information to include information on how the organization 
interpreted and acted when operational challenges arise. 

Learning infrastructure can start small 
The Learning Health System has often been associated with large 
health systems possessing research, informatics, data, and 
quality improvement infrastructure. Digital Operations offers a 
different incremental entry point. An organization does not begin 
by building an enterprise learning system. It begins by operating 
one Digital Worker well. That first worker requires a defined role, 
organizational context, supervision, operational evidence, 
exception handling, review, and performance measurement — 
the same primitives a learning operation requires. 

Context is built the same way. An organization governs the context 
a role requires, then reuses those assets as it adds roles, rather 
than aiming to model knowledge of the entire enterprise. 
Organizational memory accumulates on the same path. One 
worker produces case evidence. Repeated cases expose 
patterns. Human review generates candidate lessons. Approved 
lessons change the worker or the workflow. Additional Digital 
Workers inherit them. 

Nothing in that progression requires a large academic health 
system. The claim is architectural rather than empirical: the 
processes required to manage Digital Labor are the building 
blocks of a learning operation, so building the first lowers the 
threshold for the second. A community hospital, a specialty 
group, or a regional plan does not need to become a Learning 
Health System before adopting Digital Labor, while the opposite is 
true. Managed Digital Labor builds some of the capabilities 
smaller organizations need to build and accumulate memory. 

 
FIGURE 4 - How memory accumulates. Generalization increases from case evidence to organizational memory, and the properties of an institutional asset appear only 

at the top. The lower layers are repositories of experience, not learning in themselves. 
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An operating layer for the Learning Health System 
For nearly two decades, health systems have pursued processes 
to transduce experience into knowledge that changes future 
practice.18 The National Academies described a continuously 
learning system as one in which best practices are embedded in 
delivery and new knowledge is generated as a natural by-product 
of healthcare delivery.19 Later work argued that the central 
challenge is not collecting data but building systems that turn 
data into knowledge and action.20,21 Contemporary work 
continues to frame the objective in the same terms: generating 
knowledge in routine delivery and returning it to practice.22 

Operationalizing that vision has proven persistently difficult. 
Recent reviews continue to identify substantial gaps between 
Learning Health System frameworks and their implementation at 
scale, while studies of AI-enabled learning systems identify 
organizational, workflow, information, and technology conditions 
as important barriers to implementation.23,24 

Digital Operations does not build the Learning Health System but 
adds an operational learning layer that simplifies implementation 
by making key aspects of the vision more observable. Processes 

such as referrals, authorizations, scheduling, documentation, 
denials, access, and follow-up determine whether patients 
receive appropriate care. For example, a clinically suitable 
medication might not be initiated if prior authorization is denied; a 
specialist referral might not lead to better care if the process is 
never completed. A Human-Digital Organization can naturally 
generate structured evidence about these pathways as part of 
normal operations (Fig. 5). 

That extension widens what an institution can learn from without 
narrowing what learning is for. Internal experience must still be 
combined with external evidence: research findings, clinical 
guidance, regulation, and standards. Contemporary guidance on 
responsible health AI and current Learning Health System 
development are converging on a shared agenda.25 Learning must 
also examine differential impact. Evidence from AI-drafted patient 
messaging shows that value depends on editing burden, workflow 
fit, and accountability rather than fluency,26 and algorithmic 
systems can encode inequity when proxies or missing information 
go unexamined27, which is not only a regulatory expectation but 
also a management principle.28 

 
FIGURE 5 - From managed Digital Labor to Learning Health System capability. Managed Human-Digital work produces continuous operational evidence, which 

governed interpretation converts into organizational memory and changed future work. 

Strategic intelligence 
Operational learning asks what should change in the work. 
Strategic intelligence asks what should change in the 
organization. It is the same learning system at a higher level of 
consequence, not a separate framework: operational evidence 
becomes organizational memory, which improves operations, 
and when combined with external evidence, organizational 
memory becomes strategic intelligence, which informs 
institutional decisions. 

Those decisions have a recognizable shape. Should a Digital 
Worker move from supervised execution to exception-based 
autonomy? Should we build or buy context infrastructure? Should 

a use case be treated as administrative support or clinical 
decision support, given the governance and liability 
consequences that follow? Each question requires different 
evidence, stakeholders, and time horizons. At this level, the 
scarce resource is not information but orientation: the capacity to 
turn ambiguous circumstances into a situation that can be 
understood and acted upon.29 It is a close kin to sensing 
environmental change, acting where evidence supports action, 
and reconfiguring roles, context, and controls when conditions 
shift.30 

Strategic memory has its own artifact. Many organizations make 
technology decisions without preserving the reasoning behind 
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them: a committee approves a pilot, a risk is accepted, a workflow 
is excluded, and six months later no one remembers why. A 
decision record preserves the question, the evidence reviewed, 
the options, assumptions, risks accepted, controls required, 
owners, review date, and the conditions that would trigger 
reconsideration. A use case rejected today may become viable 
after better context infrastructure; one approved today may 
become inappropriate after a legal change. Decision records let 
leaders update decisions instead of restarting the debate. 

The executive test for a learning operation 
Whether Digital Labor is making an organization more capable is 
testable. Six months after deployment, the questions below 

should have evidence-based answers drawn from the Digital 
Operations System of record rather than from the implementation 
team's recollection. Their subject is accumulation: whether 
operating Digital Workers is leaving the institution more capable 
than it found it. 

The questions are ordered. The first three establish whether a 
learning path exists at all; an organization that cannot answer 
them is generating telemetry rather than learning. The last three 
test whether the learning is real: whether changes trace back to 
the evidence that produced them, whether prior learning reaches 
the next deployment, and whether any of it would survive a change 
of supplier. 

 
TABLE 1 - The executive test for a learning operation. Six questions that should be answerable from the Digital Operations System of record rather than from the 

recollection of the implementation team. 

Close: Digital Labor as a learning engine 
Organizations must both exploit what they know and explore what 
they do not, and the balance between the two is a long-standing 
problem of organizational learning.31 Digital Labor strengthens 
both sides, but unevenly. A Digital Worker that completes more 
tasks creates capacity, and competitors can buy capacity too. A 
Digital Worker whose operation improves context, supervision, 
and process creates capability, and capability compounds, 
because each deployment leaves the institution with clearer 
roles, fresher context, more precise escalation, and a deeper 
record of how its own work actually behaves. The progression is 
ordinary rather than visionary: Digital Workers create capacity, 
managed Digital Workers also create evidence, governed 
evidence creates memory, and memory changes future work. 

The most consequential effect of Digital Labor may therefore 
extend beyond automation. When Digital Operations preserves 
evidence, converts experience into governed organizational 
memory, and returns validated lessons to future work, the 
Human-Digital Organization begins to acquire a capability 
healthcare has pursued for decades: the ability to learn 
systematically from its own delivery experience. That does not 
make an organization a mature Learning Health System overnight. 
It makes continuous learning achievable through the ordinary 
work of operating a digital workforce, provided the institution 
retains the memory that work produces. 

Glossary of key concepts 
• Organizational memory. The validated lessons an institution 

retains from its own work, preserved so that future work and 
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institutional decisions can improve. Traces become memory 
only after review, interpretation, governance, and 
incorporation into future operation. 

• Organizational Learning Object. The managed DOpS artifact 
through which operational evidence becomes reusable 
institutional learning. It carries the evidence observed, 
interpretation, scope, confidence, proposed change, affected 
assets, provenance, accountable reviewer, approval status, 
and review conditions. 

• Evidence substrate. The structured record of sources, actions, 
exceptions, corrections, approvals, escalations, and 
outcomes generated as Digital Labor is performed, from which 
candidate lessons can be identified. 

• Levels of accumulation. Case evidence describes one 
instance; worker experience tracks one Digital Worker over 
time; workflow learning identifies patterns across cases and 
roles; organizational memory preserves institutional 
capability. 

• Learning Health System. An institution in which internal 
experience is systematically combined with external evidence 
and returned to practice. Digital Operations supplies an 
operational learning layer for that cycle. 

• Strategic intelligence. The institutional-level application of the 
same learning system, converting organizational memory and 
external evidence into decisions about the organization rather 
than about the work. 

• Decision record. The preserved reasoning behind an 
institutional decision: question, evidence, options, 
assumptions, risks, controls, owners, review date, and 
reconsideration triggers. 
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