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Abstract

Background: Computational Care Ecology (CCE), defined in this study, separates in-
formation, proposals, responses, decision rights, and outcomes. Objective: To specify and
internally verify CCE-MVM v0.1. Methods: No human data were used; inputs were synthetic.
It has person, AI, family, and professional components. M0 records one decision event with
observations, person models, proposals, an exogenous person response, six CCE rights gates,
and actor-specific outcomes; M1 examines person model updating; M2 examines synthetic AI
proposal–response coupling under rights conditions. Analytical verification targets were H1a,
H2a, and H1b-1; their synthetic runs were implementation checks, not independent experimen-
tal evidence for those algebraic consequences. H2b was a recovery check limited to the stated
conditions; H1b-2 was a scoped check of the decision rule and rights cases. Results: The
H1a and H2a implementation checks reproduced more persistent error at lower learning rates
after permanent change and greater tracking of temporary observations at higher rates. The
H1b-1 implementation check matched the specified coupling–response relation. H2b showed
faster recovery ordering at higher rates only for shock length 2 and tolerance 0.10; recovery
was not measured under noise. The scoped H1b-2 checks matched the specified outcomes for
response, option, and six rights gates. In author-reported internal verification, 96 core model
tests passed; 41 future extension tests brought the development suite to 137 tests; CSV and
JSON outputs matched during internal regeneration. Conclusions: Author-reported internal
verification found CCE-MVM v0.1 internally consistent with its Specification under the tested
conditions. This is verification, not empirical, clinical, ethical, or safety validation. It does not
model endogenous interaction among four actors; external validity remains unestablished.

1 Introduction

When artificial intelligence (AI) is used to generate or mediate care recommendations, it enters a
setting that already contains different sources of knowledge, concern, and authority. The person
contributes current wishes and responses; family and professionals add observations, concerns, and
proposals; and AI may organize observations or propose options. Research on care ecosystems that
include AI and on sociotechnical systems shows why AI should not be treated as a neutral informa-
tion channel detached from these relationships: its presence may affect workflows, affiliations, and
which account of the person receives practical attention, even when a system is not assigned final
decision authority [1, 2, 3, 4, 5]. The problem is therefore not only whether an AI recommendation
is accurate, but also how information and decision authority are arranged among the person, family,
professionals, and AI.

Care decisions are not made solely within an isolated individual; the dynamic care ecosystem
literature describes care as a changing set of relationships, needs, and supports that may include AI
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[1]. Sociotechnical systems research examines the joint roles of people, tasks, technology, physical
environments, organizations, and workflows, while distributed cognition examines how information
and decision activity may extend across people, records, artifacts, and workspaces [5, 6]. Formal
and informal care relationships also involve different participants and relationship structures [7].
Relational autonomy adds that relationships can support a person’s autonomy but can also constrain
it; support does not itself justify replacing the person’s will [8, 9]. Shared decision making and
supported decision-making address related but distinct parts of this context: the former concerns
exchange of information and values between a person and professionals, whereas the latter centers
support for the person’s own will and preferences rather than substitution for the person [10, 9, 11,
12].

Prediction accuracy is therefore different from protection of decision rights. Experimental stud-
ies have found that correct AI advice can improve judgments in studied tasks, whereas erroneous
AI advice can mislead users, including professionals; explanation formats examined in some studies
did not reliably prevent harmful reliance on incorrect recommendations [13, 14, 15]. The literature
also distinguishes trust in automation, advice taking, reliance, and appropriate reliance rather than
treating them as one response to AI [16, 17, 18]. Accuracy asks whether an estimate or recommenda-
tion corresponds to its target. Decision rights ask whether the person could receive understandable
information, consider real options, refuse, modify, delegate within a chosen scope, and seek review.
An AI could predict a person’s likely choice accurately while the surrounding process hides alterna-
tives or disregards refusal. Conversely, rejecting accurate advice does not transfer decision authority
to AI, family, or professionals. Rights concerning support, will and preferences, safeguards against
undue influence, and review therefore cannot be inferred from predictive performance alone [11, 12].

Existing computational research already formalizes neighboring problems. Models of shared
decision making and negotiation represent differences between the information or preferences of a
person and a professional, repeated exchanges, and decisions under incomplete information [19, 20,
21, 22, 23]. Other work studies the learned combination of multiple inputs or the time-varying
mutual influence of people and AI [24, 25]. Dynamic care ecosystems, relational autonomy, shared
decision making, the Capability Approach, and human–AI interaction are therefore treated here
as existing concepts rather than CCE inventions [1, 8, 10, 26, 27, 13]. Combining information or
improving a prediction does not, by itself, specify who holds decision authority or which rights
conditions must remain separate from other outcomes [11, 12].

Computational Care Ecology (CCE), defined in this study as the name of a computational
model, makes explicit how information about the person, proposals, responses, authority, rights
conditions, and outcomes are represented around a care decision. CCE is not presented as an
established discipline. The CCE Minimum Viable Model (CCE-MVM) is the research model used
here to implement the smallest specified set of variables, rules, and synthetic conditions needed to
examine those distinctions; “minimum viable” does not imply clinical readiness. A person model is a
simplified state variable representing how AI, family, or a professional estimates the person’s values
or preferences, not a complete representation or assessment of the person. In CCE, a CCE rights
gate is one of six separately recorded decision conditions, not a validated scale or legal test; a gate
recorded in the state unconfirmed or violated cannot be offset by another outcome. Actor-specific
outcomes are outputs kept separate according to whom or what they concern rather than combined
into one score.

The central research question is whether dynamic care decisions can be formalized in a minimal
computational model without combining the perspectives of the person, AI, family, and professionals
into one value, while retaining the person’s decision rights as independent constraints. CCE-MVM
v0.1 addresses this question through three separated modules. M0 records one decision event,
including three proposals and a person response supplied as an exogenous synthetic input, meaning
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that the response is set by the researchers and provided from outside that module rather than
generated from those proposals. M1 isolates updating of the person models over time. M2 alone
links an AI proposal to a synthetic response for controlled comparison. The model contains variables
corresponding to the person, AI, family, and professionals, but it is not an endogenous simulation
of their joint interaction: their full interaction is not generated within one integrated model.

Against this background, the limited verified search conducted for this paper comprised two
recorded searches completed on 2026-08-07. Across them, the routes were official materials from the
United Nations, the Office of the United Nations High Commissioner for Human Rights, WHO, and
the National Institute for Health and Care Excellence; PubMed and PubMed Central; Proceedings
of Machine Learning Research; publisher and DOI pages; arXiv; and backward reference tracing.
The recorded concept groups covered supported decision-making, CRPD Article 12, will, and pref-
erences; relational autonomy, care ethics, person-centered care, dementia, family, and carers; shared
decision-making, influence diagrams, doctor–patient negotiation, fuzzy preferences, and incomplete
information; dynamic care ecosystems, AI as an actor, health care with multiple actors or software
agents, and person–environment or ecological systems; patient preferences, reinforcement learn-
ing, multiple stakeholders, time-varying human–AI influence, bias, delay, and noise; and dementia
decision support, agent-based simulation, long-term care system dynamics, relational sovereignty,
and assistive technology. This was a limited scoping search and verification of original sources for
selected neighboring studies, not a systematic review. It did not include database exports, dedu-
plication, screening by two independent reviewers, exhaustive grey literature coverage, or a flow
diagram for a systematic review. Within this stated scope, the searches did not identify the same
minimal combination of separated person models, explicit response states, rights gates that cannot
be offset by other outcomes, and actor-separated outputs within the M0–M2 separation used here.
Absence from these searches must not be interpreted as nonexistence. The limited contributions
are to specify that combination; distinguish the person’s current will and long-term values from the
person models held by AI, family, and professionals; represent acceptance, refusal, modification,
delegation, deferral, and an unconfirmed response explicitly; keep rights conditions, records of par-
ticipation in the decision process, agreement between the person’s initial will and the final decision,
safety, participation, and burdens separate; and connect the specification to analysis, synthetic ex-
periments using inputs set by the researchers, implementation, and tests. Verification is used here
in the simulation literature’s sense of checking whether the implementation conforms to specified
equations and rules, not as validation against real care [28, 29].

The scope is entirely synthetic. CCE-MVM v0.1 uses no human data: no patient, clinical,
hospital, or case data are included, and the parameters are not estimates of human behavior. The
study does not test clinical usefulness, safety, ethical correctness, legal validity, or external validity.
It does not determine legal capacity, decision-making capacity, or informed consent [11, 12, 30].
Nor does it authorize AI, family, or professionals to make the person’s final decision merely because
they provide a recommendation. It does not claim to detect undue influence from observed data,
model the full long-term care ecosystem, or predict how real people will respond to AI. The purpose
is narrower: to determine whether the specified distinctions can be represented, analyzed, and
internally checked in a transparent synthetic model while preserving boundaries for later empirical,
clinical, legal, ethical, and external validation.
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2 Related Work

2.1 Dynamic Care Ecosystems

The established concept of a dynamic care ecosystem describes care as changing relations among a
person, care partners, professionals, technologies, and surrounding conditions, and it allows AI to
enter those relations as needs and roles change over time [1]. Work on networked groups similarly
places AI assistance within a wider set of human relationships rather than treating the user and
the system as an isolated pair [2]. A systematic review of older adults receiving formal or informal
care also reports variation in who belongs to the person’s support relationships and in the relations
among those people [7].

A long standing occupational therapy model describes activity performance through changing
relations among the person, environment, and activity rather than through personal attributes
alone [31]. A collaborative dementia care trial combined a care team, caregiver participation, and
communication technology while assessing outcomes for the person and caregiver separately [32].
These precedents support treating care as relational and distributed, but they do not show that
one computational representation captures the entire care ecosystem or that a synthetic model has
been shown to represent clinical reality [31, 32].

Computational Care Ecology (CCE), the model name defined in this study, starts from this
established ecosystem view but narrows the task for Paper 1. It does not claim to discover dynamic
care ecosystems or relational support. It asks how selected information, proposals, response states,
authority conditions, and outcomes can be represented without reducing surrounding care relations
to one estimate of what the person wants.

2.2 Relational Autonomy and Supported and Shared Decision Making

Relational autonomy treats autonomy as shaped by social relationships and institutional conditions
while recognizing that relationships can support or constrain a person’s ability to act according to
their values [8]. Research involving people living with dementia and family members shows that
supported decision-making is relational and may include tension between the person’s perspective
and family perspectives [9]. This literature rejects both the assumption that autonomy requires
acting alone and the assumption that involvement by others automatically justifies replacing the
person’s decision [8, 9].

Supported decision-making and shared decision-making are related but distinct established fields
[11, 12, 10]. Article 12 of the Convention on the Rights of Persons with Disabilities requires ac-
cess to support for exercising legal capacity and safeguards that respect the person’s rights, will
and preferences, including protection against conflicts of interest and undue influence [11, 12].
Shared decision-making focuses on communication in which the person and professionals consider
information, options, and what matters to the person [10]. A systematic review of AI in shared
decision-making reports that much of the literature remains conceptual and that clinical evidence
is limited [33]. Another systematic review identifies risks to patient autonomy in care supported by
AI, reinforcing the need to distinguish assistance from influence [34].

The CCE person-sovereignty construct is a restricted model construct for examining information,
support, options, response, authority, and review conditions around a decision event. It is not a
synonym for relational autonomy, legal capacity, decision-making capacity, informed consent, or
shared decision-making [11, 12, 30, 10]. The cited fields motivate those distinctions, but they do
not validate the CCE construct, its states, or the decision rule that maps inputs and conditions to
a decision or pause [11, 30, 10].
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2.3 Sociotechnical and Distributed Views of Care

Sociotechnical systems research places health care AI within interacting people, tasks, technologies,
physical environments, organizational arrangements, and workflows [5]. The effect of an AI recom-
mendation must therefore be considered in relation to who receives it, when it appears, what work
surrounds it, and whether organizational rules allow it to be questioned [5]. Distributed cognition
likewise locates clinical reasoning across people, artifacts, records, and workspaces rather than solely
inside one clinician’s mind [6]. That evidence concerns acute care clinical decision-making and does
not directly validate extension to long-term care or decisions in daily life [6].

For the present study, these perspectives motivate separating observation, interpretation, pro-
posal, response, and authority [5, 6]. CCE consequently does not treat agreement among AI, family,
and professionals as a vote. The cited papers do not supply the specific state variables, decision
rules, or CCE rights gates used here; their role is to support analysis of relations among people,
tools, records, environments, and work [5, 6].

2.4 Computational Decision Models and Simulation

Existing computational studies already formalize parts of shared decision-making [19, 21]. One study
represents differences between the person’s preferences and the clinician’s understanding of those
preferences under uncertainty [19]. Computational negotiation studies represent repeated exchanges
between patient and clinician, including incomplete information, changing estimates of the other
party, and movement toward agreement [20, 21]. These studies show that differing information,
preferences, proposals, and agreement processes can be made computationally explicit; CCE does
not claim the first mathematical or computational treatment of shared decision-making [19, 20, 21].

Another synthetic simulation study, using computational conditions set by researchers rather
than observations from people, changes how much inputs from multiple sources influence a combined
output under noise and bias [24]. This provides a precedent for learning how inputs are combined,
but a learned weight or combined prediction is not the same as a minimum condition that must
be satisfied before a decision proceeds [24, 11]. In CCE, a CCE rights gate is one of six separately
recorded decision conditions; a gate recorded in the state unconfirmed or violated cannot be offset
by another outcome.

Health systems modeling reviews distinguish model families according to the states, rules, in-
teractions, and feedback actually implemented [35]. A model should therefore be named according
to its implementation rather than according to how many actors appear in its description [35].
The CCE Minimum Viable Model (CCE-MVM) uses separated computational modules rather than
claiming one integrated simulation that generates the responses of all four actors.

2.5 Time-Varying Human–AI Influence

Research on human-AI interaction shows that the effect of AI advice depends on more than average
predictive performance [13, 15]. In experimental diagnostic and treatment selection tasks, correct
AI advice can improve human judgments, whereas incorrect advice can mislead clinicians and other
experts [13, 14, 15]. Adding an explanation does not reliably prevent harmful reliance on incorrect
recommendations in the tested explanation formats [14, 15]. These findings support separating AI
correctness, the person’s response, and the final decision rather than treating every change toward
an AI recommendation as improvement [13, 14, 15].

The literature also distinguishes attitudes from behavior [16, 17, 18]. Trust in automation
concerns whether a system is expected to perform as intended, whereas reliance concerns whether
a person actually uses the system in judgment or action [16, 18]. Advice taking examines change in
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judgment after advice and therefore requires observations before and after the advice rather than an
attitude measure alone [17]. Appropriate reliance distinguishes use of correct advice from rejection
of incorrect advice, so a high overall adoption rate is not sufficient evidence of good use [18].

Influence is conditional and may change over time [36, 37, 25]. A systematic review and an
experiment show that task conditions and design interventions can alter excessive reliance, but
their effects depend on the setting tested [36, 38]. In a fictional medical classification experiment,
participants reproduced an AI’s bias after repeated interaction even when the AI was no longer
present, showing persistence under the tested conditions rather than a universal repetition effect
[37]. A mathematical and synthetic simulation study represents mutual influence between people
and AI as social norms change, providing a precedent for studying time-varying human–AI influence
without treating simulation as evidence from real people [25].

A recent review reports that evidence on human–AI collaboration in health care is concentrated
in diagnostic and short-term tasks, with less evidence on long-term, patient, and system outcomes
[39]. It therefore does not establish how AI advice changes a person’s values, relationships, or care
decisions over time [39]. CCE treats the relation between proposal and response as a synthetic
model component, not as a parameter estimated from human behavior.

2.6 The Capability Approach and Separate Outcome Perspectives

The Capability Approach shifts evaluation from resources or achieved outcomes alone toward the
real opportunities and freedoms available to a person [26, 27]. In occupational work, this perspective
links participation and quality of life to opportunities and environmental constraints rather than
reducing evaluation to bodily function [26]. In AI ethics, the Capability Approach has also been
used to formalize benefit and assistance in relation to people’s capabilities and life plans [27]. This
connection predates CCE [27].

The collaborative Care Ecosystem trial assessed quality of life, caregiver outcomes, and health
care use as distinct outcomes rather than treating one as a complete substitute for the others [32]. In
CCE, actor-specific outcomes are person, family, professional, and ecosystem outputs kept separate
and not converted into a vote or composite score. The trial is an empirical example of separate
outcome perspectives; it does not validate the CCE output structure, its variables, or any CCE
rights gate [32].

2.7 Boundaries with Agent-Based Models and Human Digital Twins

An agent-based model is an established model family in which individual agents have states or be-
havior rules and interact within the simulation, and health systems reviews distinguish such models
through the interactions and feedback they implement [35]. CCE-MVM v0.1 includes variables
corresponding to a person, AI, family, and professionals, but M0 receives the person’s response as
an exogenous input, meaning that it is supplied from outside rather than generated within M0.
M0, M1, and M2 also remain separate. CCE-MVM v0.1 should therefore not be described as an
agent-based model that generates the interactions of all four actors.

Human Digital Twin is an established but context dependent term [40]. A health care review
describes Human Digital Twins in relation to representations specific to an individual, updating
with real world data, prediction, and feedback to decisions, while noting variation in definitions
and maturity [40]. CCE-MVM v0.1 does not use clinical data from a particular person, does
not repeatedly update such a representation from real world observations, and does not return
predictions to actual care decisions. In CCE-MVM v0.1, a person model is another actor’s simplified
state representation of the person’s values or preferences. CCE-MVM v0.1 is not a Human Digital
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Twin.
After comparison with verified neighboring studies on dynamic care ecosystems, computational

decision models, changing human–AI influence, and model boundaries [1, 19, 25, 40], the two limited
scoping searches completed on 2026-08-07 and described in the Introduction set the scope for this
comparison. They were not systematic reviews. Within that stated scope, the searches did not
identify the same minimal combination of separated person models, explicit response states, rights
gates that cannot be offset by other outcomes, and actor-separated outputs. Absence from these
searches must not be interpreted as nonexistence.

3 Design Requirements and Scope

In this study, Computational Care Ecology (CCE) is a computational model for examining infor-
mation, influence, authority, options, procedures, and outcomes in care decisions and takes the
surrounding dynamic care ecosystem rather than the person as its unit of evaluation. A dynamic
care ecosystem is the changing set of relationships among the person, care partners, profession-
als, technologies, and conditions [1]. CCE therefore asks whether information is available and
distinguishable by source; whether authority is assigned, limited, and reviewable; whether the op-
tion set—the alternatives available for consideration—contains feasible and understandable choices;
and whether procedures permit expression, refusal, modification, delegation, delay, and reconsid-
eration. It does not score the person’s worth, cognition, competence, or legal status. The CCE
person-sovereignty construct concerns the support process and distribution of authority; it is not a
validated scale.

In this study, the CCE Minimum Viable Model (CCE-MVM) v0.1 is the smallest research model
that executes the specified CCE rules with synthetic inputs, meaning values specified by researchers
rather than data from people. It contains four components corresponding to the person, AI, family,
and the professional. In M0, the person component records current will and response; the other three
each record a separate observation, a separate estimate of the person, and a proposal. Information
about risk, burden, uncertainty, and constraints remains separate rather than being converted into
the person’s will. These components do not generate all four roles’ behavior endogenously; here,
endogenous means produced by the model’s internal variables and rules.

Figure 1 summarizes this record structure and the separation between authority and outcomes.
This distinction requires the person to remain separate from each person model. Here, a person

model is a simplified state variable representing what AI, family, or the professional estimates about
the person. It is not the person, a clinical assessment, or a complete account of the person’s values.
Current will and response must be recorded separately, with their source, rather than replaced by
agreement among the other roles. A more accurate person model does not create decision authority,
and agreement among proposals does not constitute a vote. AI has no final decision authority and is
not an eligible delegate. The field delegate_is_ai is an unverified typed exogenous input, meaning
a value supplied from outside the model, not proof that a delegate is human.

Responses must also remain separate from proposals. M0 records the observations, person
models, and proposals of AI, family, and the professional together with the person’s response in one
decision event, but the M0 response is also an exogenous synthetic input, supplied from outside the
module rather than generated from those proposals. Accepting, rejecting, modifying, delegating,
deferring, and an unconfirmed response remain distinct states. M2 alone connects an AI proposal
to a synthetic response, while keeping continuous response change separate from discrete decision
change. M1 separately examines changes in person models over time. This prevents an assumption
for one mechanism from becoming a general model of human behavior.
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Figure 1. CCE evaluates the surrounding care ecology, not the person
Study-defined structure; synthetic inputs

Care ecology: relationships, options, information, authority, and conditions

Person
Current will; categorical

response; may accept, reject,
modify, delegate, or defer

AI
Separate observation; person

model; proposal; no final
authority

Family
Life information; concern;

support; separate proposal; no
role-based authority

Professional
Clinical and life information;

risk; support; separate
proposal; no role-based

authority

Decision-event record
Person response remains distinct from three proposals; M0 receives the response exogenously. Observations, models, proposals,

response, delegation, rights-gate states, and provenance stay separate.

Authority and rights
Person response first; valid limited delegation only; six separate

rights gates; decision or pause

Separated outcomes
Safety, occupational participation, family burden, professional

burden, and ecosystem stability are not one score

Arrows show recording flow, not causal generation of the person's response; only M2 tests synthetic AI-response coupling.

Figure 1: CCE evaluates the surrounding care ecology rather than scoring the person. The four
records associated with actors preserve the person’s current will and response separately from ob-
servations, person models, and proposals attributed to AI, family, and professionals. Authority and
rights conditions and outcomes for each actor also remain separate. Arrows denote recording flow,
not causal generation of the person’s response. This is a record structure defined for this study, not
an empirical care pathway or a validated representation of human interaction.
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Rights conditions must remain distinct from responses and outcomes. For this study, a CCE
rights gate is one of six conditions checked before an irreversible decision is completed: will and
preferences, support access, absence of undue influence, proportionate and limited restrictions, re-
view and appeal, and delegation and return. External rights principles require access to support and
safeguards that respect rights, will and preferences [11, 12]; they do not validate the six CCE gates
or make them a legal test. Each gate is recorded separately as met, unconfirmed, or violated.
The gate states are exogenous synthetic inputs; they are not inferred automatically from AI influ-
ence measures or procedural participation records. The procedural participation fields are separate
records and are not inputs to the decision rule, which returns a model decision or a pause from
recorded conditions. Neither set is averaged into a composite score. If any gate is unconfirmed or
violated, M0 records the decision as paused. Its duration and consequences are not_modeled, so
paused does not mean safe, neutral, or consistent with the person’s will.

Outcomes require the same separation. For this study, actor-specific outcomes are outputs re-
tained for the relevant actor or system component rather than merged into one combined value.
Person safety and occupational participation, family burden, professional burden, and ecosystem
stability remain separate from outcome congruence, the CCE rights gates, and procedural participa-
tion. Improvement in one output cannot compensate for a violated right or erase a loss of options.
Where professional burden or ecosystem stability has not been parameterized in v0.1, the value
remains null with the status not_parameterized; null does not mean zero.

These requirements also set the evidential boundary. Verification asks whether the implemen-
tation follows the specified equations and rules. Validation asks whether the model adequately
represents the intended features of actual care. External validity asks whether findings apply across
other people, decisions, or settings. The questions are distinct [28, 29]. Paper 1 reports internal
verification of defined modules and results generated from the synthetic inputs. It does not report
validation with human or clinical data, and external validity has not been established.

Paper 1 is therefore limited to M0–M2 and synthetic inputs. M0 represents one decision event;
M1 examines time series behavior of person models; and M2 examines synthetic proposal–response
conditions and separately records option loss and whether refusal was blocked. The study uses no
human, patient, or clinical data and estimates no human behavioral coefficient. It does not assess
legal capacity, decision-making capacity, or informed consent, which are distinct from the CCE
person-sovereignty construct [11, 12, 30, 41]. It reports no simulation of a person’s life trajectory,
no integrated long-term feedback among the four roles, and no comparison result between an AI
configured under CCE and a default AI system. Its conclusions are limited to specification and
internal verification of the stated computational mechanisms, not clinical usefulness, safety, legal
validity, ethical correctness, prediction of human behavior, or general applicability.

4 CCE-MVM v0.1

4.1 Components and Authority

The CCE Minimum Viable Model (CCE-MVM) v0.1 is the research model specified here to separate
information, proposals, responses, authority, rights conditions, and outcomes within a care decision.
It is divided into M0, M1, and M2. It contains variables corresponding to the person, AI, family,
and professionals, but it does not generate endogenous interaction among four actors. The person,
denoted by P , provides the current will, compares feasible options, and may accept, reject, modify,
delegate, or defer. AI, denoted by A, may update a person model from permitted observations and
produce a proposal. Family, denoted by F , may contribute life information, concerns, proposals, and
support. Professionals, denoted by C, may contribute clinical and life information, risk estimates,
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Figure 2. CCE-MVM v0.1 separates three computational modules
Study-defined modular structure

M0 - one decision event

Proposals
AI, family, and professional proposals

Person response
Exogenous: accept, reject, modify,

delegate, defer, or unconfirmed

Rights gates
Six separate 3-state checks

Output
Decision or pause; actor-separated

outcomes

No proposal-to-response generation

M1 - time-series updating

Observation
Persistent change, transient shock,
noise, missingness, bias, or delay

Update
M(t+1) = (1-lambda) M(t) + lambda O(t)

Option map
Nearest option in the fixed synthetic set

Output
Lag, over-following, recovery, and

mismatch

No human coefficient estimation

M2 - proposal-response coupling

Baseline
Synthetic pre-proposal response B

Coupling
Y(a) = (1-a) B + a Q(A)

Decision
Discrete mapping plus person response

and rights gates

Output
Response effect, decision effect, option

loss, rejection blockage

Synthetic coupling only

Modules are tested separately: v0.1 does not generate endogenous four-actor interaction.

Figure 2: CCE-MVM v0.1 separates three computational modules. M0 represents one decision
event; M1 isolates updating over time; and M2 isolates synthetic proposal–response coupling. Ar-
rows show processing order inside each module only. The modules are evaluated separately, and v0.1
does not generate endogenous interaction among the person, family, professionals, and AI. This is a
diagram of model structure, not an empirical care pathway or a validated representation of human
decision making.

proposals, and support. Environmental, resource, and institutional conditions are represented by
Et and affect feasibility without acting as another decision maker.

Figure 2 shows the three modules and the limits of their connection in v0.1.
In this study, a person model is a simplified state variable representing how AI, family, or

professionals currently model the person. It is not a clinical assessment, psychological profile, or
complete representation of the person. Observing, modeling, and proposing do not confer authority.
AI cannot make the person’s final decision in the model and is not an eligible delegate in v0.1.
Family and professionals do not acquire decision authority merely from those roles; their proposals
and agreement are neither votes nor weights. A separate delegate who is not AI and is explicitly
chosen by the person may act only within the valid recorded scope.

4.2 Notation and Domains

Time is indexed by t, and k ∈ {A,F,C} identifies AI, family, or professionals. Continuous values
are ordinarily restricted to [−1, 1]. The baseline option set is

Ω = {−1, 0, 1}
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and is an example on a single dimension, not a universal scale of independence, risk, worth, or
capacity. More generally, Ωt is a nonempty finite set of feasible and understandable options and
contains no duplicates. The person’s current will before proposals is Wt ∈ [−1, 1]; Ok

t is actor k’s
observation and may be missing; and Mk

t ∈ [−1, 1] is that actor’s person model. The learning
rate λk ∈ [0, 1] determines the contribution of the new observation. The synthetic risk estimate is
rkt ∈ [0, 1], βk ∈ [0, 1] controls its subtraction, and Qk

t ∈ [−1, 1] is the proposal.
For M2, Bt ∈ [−1, 1] is the person’s response before the AI proposal, and asimt ∈ [0, 1] is a

synthetic proposal–response coupling parameter. It is not an observed human coefficient, a measure
of how readily a person follows advice, a measure of decision-making capacity, or AI authority. The
response Yt may include a numerical option value and an action. The current response type is ct.
The delegation record gt stores the delegate, scope, time limit, conditions, and withdrawal status;
zt ∈ {0, 1} indicates whether the requested delegation is valid for the current decision. The six
CCE rights gates are represented by Gt, and the final decision Dt is an element of Ωt or remains
undecided.

The clipping rule is

clip(x) = min(1,max(−1, x))

All continuous inputs and options supplied to the reference implementation must be finite. A
NaN, an infinite value, a value outside the permitted range, a duplicate option, or an equal distance
tolerance that is negative or not finite is an input error. The implementation stops rather than
silently altering invalid input.

4.3 Observations and Person Model Updating

For the baseline decision event, actor k’s observation is

Ok
t = clip(Wt + εkt )

where εkt represents observation error or bias. Missing and delayed observations are not folded
into this error term; M1 examines them as separate mechanisms. If an observation is missing, the
baseline implementation does not update the person model at that time and retains the previous
value.

When an observation is available, the person model is updated by

Mk
t+1 = (1− λk)M

k
t + λkO

k
t

Thus, λk = 0 retains the previous person model, λk = 1 uses the current observation, and
intermediate values combine them. This equation is a minimum explanatory rule for synthetic
analysis, not a claim that human understanding, family knowledge, professional judgment, or AI
inference changes through this equation. Examples such as λk = 0.20 describe a synthetic learning
rate condition, not a recommendation to give current expressions of will only 20 percent weight in
care.

4.4 Proposal to Option Mapping

The baseline proposal rule is

Qk
t = clip(Mk

t+1 − βkr
k
t )
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It keeps the actor’s person model separate from the actor’s synthetic risk estimate but does
not represent the full process by which a real person, family member, professional, or AI forms a
proposal. The values QA

t , QF
t , and QC

t remain separate and are not averaged, summed, ranked by
actor status, or converted into a majority decision.

Each continuous proposal is mapped to its nearest feasible option by

π(Q) = argmin
ω∈Ω

|ω −Q|

When two or more feasible options are equally distant from Q, the reference implementation
returns every equally near candidate instead of selecting one by order, sign, or actor preference.
Distances are treated as equal only when their numerical difference is at most 1e-12, that is, 10−12.
This tolerance identifies equality in computer arithmetic; it is not a safety interval for real decisions
whose choices are merely close in meaning or consequence. If the mapping does not leave one unique
final decision, the decision is not forced and the event is recorded as paused. M1 results reported
for v0.1 use fixed settings in which the nearest option is unique and are not a general decision rule
for time series settings containing equal distance candidates.

4.5 Synthetic Response after the Proposal

Only M2 contains a synthetic link from the AI proposal to a response after the proposal. That
response is generated by

Yt(a) = clip
(
(1− asimt )Bt + asimt QA

t

)
where Bt is the response before the AI proposal, QA

t is the AI proposal, and asimt varies the
strength of the synthetic coupling. At asimt = 0, the response remains at Bt; at asimt = 1, it reaches
QA

t . For valid input ranges, the weighted expression already remains in [−1, 1], but clip states the
intended range explicitly.

This equation neither estimates a real person’s response to AI nor distinguishes informed ac-
ceptance from pressure, repetition, or other influences; it changes a synthetic response only. M0
does not use this equation. M0 receives the person’s response exogenously with source status
exogenous_synthetic_input; proposals and response are stored in the same decision event with-
out treating the proposals as generating the response.

4.6 Person Priority, Limited Delegation, and Pause

The reference decision rule first checks all six rights gates. Only when every gate is met does it
apply the person’s latest response before considering any prior delegation record. The full hierarchy
is

Dt =



⊥ if any gate state is unconfirmed or violated
dperson(Ωt, Yt,Gt, Et) if all six gate states are met and ct ∈ {accept,modify}
ddelegate(Ωt, gt,Gt, Et) if all six gate states are met and ct = delegate ∧ zt = 1

⊥ if all six gate states are met and ct ∈ {reject, defer, unconfirmed}
⊥ otherwise

The first branch is evaluated before every response or delegation branch. Here, ⊥ denotes no
final decision and is represented in the reference output as paused. For accept or modify, dperson
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uses the feasible option confirmed by the person. A previous delegation does not replace that current
response. For reject, defer, or unconfirmed, the model does not treat silence or uncertainty as
agreement or revive a prior delegated choice; it pauses the irreversible decision for reconsideration.
The final otherwise branch also returns ⊥, including an infeasible delegated option or unmet
required conditions.

Delegated authority is available only when the current response is delegate and zt = 1. Validity
requires that the person chose the delegate, the current decision is within the recorded scope, the
time limit has not expired, the delegation has not been withdrawn, withdrawal remains possible,
and the chosen option is feasible. It also requires the typed input delegate_is_ai to be false. The
model does not infer whether a delegate is human or AI from a name or label. delegate_is_ai is
an unverified typed exogenous input, and its source status is unverified_exogenous_synthetic_
input. A false value therefore does not independently prove that the delegate is human. AI is not
an eligible delegate under v0.1.

Family and professionals likewise have no authority over the final decision merely by occupying
those roles. The ddelegate branch uses a separate delegate record; the modeled family and professional
proposal roles are not automatically that delegate. Authority in this branch comes from the person’s
current delegation, not from family status, professional status, estimated accuracy, or agreement
among the three proposing actors.

A paused output does not mean safe, neutral, or equivalent to realizing the person’s will. In v0.1,
the duration and consequences of paused are not modeled. The model does not represent what hap-
pens during a pause, how often it repeats, or how the person’s will and the continuing situation may
diverge while no decision is produced. The output therefore records pause_consequence_status=
not_modeled and pause_duration_status=not_modeled. Emergency action is not inserted into
the final branch; emergency measures are outside the implemented v0.1 decision rule.

4.7 Six Rights Gates

The six CCE rights gates are separate conditions checked before an irreversible decision.
They are will_and_preferences, confirming the person’s current will and preferences;
support_access, recording access to needed explanation, expression support, and decision
support; no_undue_influence, recording avoidance of coercion, concealed information, conflicts
of interest, and other undue influence; proportionate_and_limited, recording whether any
restriction is limited in scope and time; review_and_appeal, recording the availability of review,
objection, and reconsideration; and delegation_and_return, recording withdrawal of delegation
and return of decision authority.

Each gate has exactly one of the states met, unconfirmed, or violated. The derived field
all_met=true is allowed only when all six states are met. The gates are not added, averaged,
ranked, or decided by majority. No unconfirmed or violated gate can be offset by safety, efficiency,
family benefit, or another gate. In such a case, the reference implementation does not produce an
irreversible decision and records the event as paused.

The states of the CCE rights gates are exogenous synthetic inputs. Version 0.1 does not infer
no_undue_influence from proposal values, response changes, option loss, or procedural participa-
tion records, and it is not a detector of undue influence. Consequently, option loss alone does not au-
tomatically pause a decision when all six externally supplied gate states are met. The six procedural
participation items—meaningful_contribution, comprehensible_information, real_options,
refusal_and_modification, expression_support, and time_and_reconsideration—are records
and are not inputs to the decision rule. They are not summed. A deferred or unresolved item is
retained for review and counted as neither achieved participation nor a confirmed violation. Neither
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the rights gates nor the procedural participation records are presented as a validated scale, a legal
test, or proof of ethical correctness.

4.8 Separated Outcomes

Actor-specific outcomes are outputs kept separate according to the person or other affected part of
the care ecosystem. The model records the following structure without converting it into a total
score:

Jt = (Gt,Pt, At, S
safety
t , Sparticipation

t , BF
t , B

C
t , S

stability
t )

Here, Gt records the six gates, Pt records the six procedural participation items, and At records
only agreement between the final decision and current will:

At = 1− |Dt −Wt|
2

The numerical expression for At is evaluated only when Dt is a unique numerical element of
Ωt. When Dt = ⊥, numerical outcome congruence is undefined and the output remains null with
status not_applicable; it is not assigned zero.

This distance is not a total measure of the CCE person-sovereignty construct. A person may
voluntarily modify a proposal or delegate within limits, so distance alone cannot establish whether
the decision process protected the person’s authority.

For the M0 baseline event, person safety and occupational participation are stored as syn-
thetic inputs, and family burden is stored separately as a synthetic input. Professional burden and
ecosystem stability retain output fields but are not assigned invented values. They are recorded
as null with status not_parameterized. In this schema, null means not_parameterized, not
zero. It does not mean no burden, neutral effect, missing benefit, or an average value. The
same rule applies to any field without a numerical model in v0.1. The output explicitly records
outcomes.aggregation=none. Rights gates, procedural participation, agreement between decision
and current will, safety, occupational participation, family burden, professional burden, and ecosys-
tem stability must not be summed or used to compensate for one another.

M2 also reports the proposal-influence diagnostics as separate quantities:

IAY,t =
|Yt(a)− Yt(0)|

2

IAD,t =
|Dt(a)−Dt(0)|

2

LA
Ω,t = 1− |ΩA

t ∩ Ω0
t |

|Ω0
t |

BA
R,t =

{
1 if a decision proceeds after rejection or stopping
0 if rejection or stopping is respected

Here, ΩA
t is the option set after presentation of the AI proposal and Ω0

t is the option set without
that presentation. The binary value BA

R,t = 1 records that a decision proceeded after rejection
or stopping, whereas BA

R,t = 0 records that rejection or stopping was respected. These quantities
separate response change, discrete decision change, option loss, and whether rejection or stopping
was disregarded. If a discrete decision is paused because the nearest option is not unique, IAD,t is
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left undetermined rather than forced to a number. None of these quantities measures trust, human
psychology, clinical benefit, or rights compliance, and they are not combined into one number for
AI influence.

4.9 M0, M1, and M2 Separation

M0 is a single decision event module with output schema CCE-M0-output-v0.1. It records the
decision context, feasible options, Wt, the three observations, updated person models, proposals
and mapped options, an exogenous synthetic person response, delegation, six exogenous rights gate
states, the decision rule based on the latest response, procedural participation records, and separated
outcomes. M0 therefore does not model the person’s response as a consequence of AI, family, or
professional proposals and does not implement endogenous interaction among four actors.

M1 isolates updating over time. It examines learning rates, lasting change, temporary shocks,
noise, missing observations, bias in a fixed direction, and observation delay through observation,
person model update, proposal, and mechanisms that pass values to the next time step. It does
not join those trajectories to a sequence of M0 decisions, delegated choices, updates to rights gate
states, or feedback from actor-specific outcomes. The implemented M1 results assume a unique
nearest option in their fixed settings.

M2 isolates the synthetic relation between proposal and response and the associated rights cases.
It is the only v0.1 module that uses the AI proposal to generate a synthetic response after the
proposal. It compares synthetic conditions with AI and without AI, separates continuous response
change from discrete decision change, records option loss and whether rejection or stopping was
disregarded, and passes the generated response through the decision rule under externally supplied
rights conditions. M2 does not show that real people respond in this way.

This separation makes each result traceable to a limited equation or rule and prevents v0.1
from being described as a connected long-term simulation of four interacting actors. M0, M1, and
M2 inspect different mechanisms. Their coexistence does not establish a feedback process among
all actors, empirical validation, clinical validation, legal validity, ethical correctness, or external
validity.

5 Analytical Predictions and Synthetic Experiments

All inputs, parameters, observations, responses, and outcomes were synthetic values for examin-
ing equations, decision rules, settings, and implementation; none came from people, patients, care
records, or clinical services. The experiments therefore addressed verification of the specified model,
not validation against human behavior, care practice, clinical outcomes, legal requirements, ethical
judgments, or external settings [28][29]. The conditions were internally fixed before execution; no
external registry was used. No coefficient was estimated or calibrated from human data. Model
logic, inputs, seeds, implementation, and outputs were recorded for traceable reporting and com-
putational reproducibility [42][43][44][45]. Here, computational reproducibility meant obtaining the
same calculation from the same code, inputs, environment, and procedures. Internal regeneration
within the authoring and development workflow was not independent human replication.

The separation among M0, M1, and M2 was preserved. M0 recorded one decision event contain-
ing proposals from AI, family, and professional components together with an exogenous synthetic
person response; it did not generate that response from the proposals. M1 examined time-varying
updates of the person model under permanent change, temporary observation, noise, missingness,
systematic bias, and delay. M2 alone connected an AI proposal to a synthetic response and ex-
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amined the proposal-influence diagnostics and CCE rights gates. The modules did not form an
endogenous long-term interaction among four actors.

5.1 H1a and the H2 learning rate trade-off

M1 used the update rule

Mk
t+1 = (1− λk)M

k
t + λkO

k
t

for actor k ∈ {A,F,C}. For a constant observation O, repeated application gives

Mn = O + (1− λ)n(M0 −O).

This expression supplied the analytical basis for H1a and H2. H1a was an analytical verification
target for a model-implied property: a lower learning rate leaves a larger person model error for
longer after a permanent change because the remaining error is multiplied by (1− λ)n. The deter-
ministic experiment checked whether the iterative implementation matched the closed expression
and fixed error ordering; disagreement with either would fail the H1a implementation check. Under
the selected noise distribution, the implementation check concerned the ordering of median errors
across the 100 fixed random series; failure of that ordering would reject only the stated ordering
under those noise settings.

H2 was separated into H2a and H2b. H2a was an analytical verification target for a model-
implied property: a higher learning rate produces a larger person model movement toward a tem-
porary observation. The deterministic experiment checked whether the iterative implementation
matched the analytical update and fixed movement ordering; a mismatch with either would fail the
H2a implementation check. Under noise, the implementation check again concerned the ordering of
medians under the selected distribution and fixed series.

H2b concerned recovery only after normal observation resumed. Its prediction was limited to
shock length 2 and recovery tolerance 0.10: under those fixed conditions, a higher learning rate was
predicted to require fewer steps to return within tolerance. This was not a prediction for every shock
length, observation window, or tolerance. A condition could remain outside tolerance through the
finite window, or fail to leave tolerance during the shock, when the tolerance changed. H2b would
be falsified if the expected recovery ordering did not hold at shock length 2 and tolerance 0.10.
Recovery was not measured under noise.

The H1a and H2a model-implied properties and the scoped H2b recovery check therefore define
a trade-off within the model. A lower learning rate retains more of the earlier person model and
adapts more slowly after a lasting change. A higher learning rate follows a temporary observation
more strongly and, under the fixed H2b conditions, also returns more quickly after the tempo-
rary observation ends. No universally optimal learning rate was claimed. The illustrative value
λ = 0.20, described as retaining 80% of the earlier person model and incorporating 20% of the
current observation in one update, was only a synthetic learning rate example. It was not a clinical
recommendation, a rule for discounting current will and preferences, or a value derived from people.

The H1a permanent-change conditions used 30 time steps, a change at step 10, a synthetic
current will of −0.8 before the change and +0.8 after it, a post-change observation of +0.8, an
initial person model of −0.8, learning rates {0.05, 0.20, 0.50, 0.80}, a recovery tolerance of 0.10, and
a risk deduction of 0. These settings produced four H1a condition trajectories.

The H2 temporary-observation conditions used 25 time steps, a stable reference and normal
observation of +0.8, a temporary observation of −0.8 at steps 10 and 11, an initial person model of
+0.8, learning rates {0.05, 0.20, 0.50, 0.80, 1.00}, a recovery tolerance of 0.10, and a risk deduction
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of 0. The shock interval was recorded as shock_start=10 and shock_end_exclusive=12. These
settings produced five H2 condition trajectories.

The deterministic M1 suite therefore contained four H1a conditions plus five H2 conditions,
giving 9 condition trajectories and 245 rows across time points. Across the two modules there were
five distinct learning-rate values; H1a used four of them, and H2 used all five. Error, proposal
disagreement, and recovery state were stored separately. M1 decision comparisons were limited to
the current fixed settings in which the reference value and proposal had a unique nearest option.
They did not define a general rule for equal distance options. The separate equal distance check
treated differences of at most 10−12 as computational equality, returned all nearest options, and
withheld a unique decision; this tolerance was not a safety band for real care.

5.2 M0 baseline verification

The M0 baseline provided a fixed hand calculation target for the decision target outing_method.
The synthetic current will was W = 0.80, and the option set was Ω = {−1, 0, 1}. The exact
actor-specific inputs were

Actor Mk
0 εk λk rk βk

AI 0.40 −0.20 0.50 0.60 0.50
Family 0.10 −0.60 0.20 0.80 0.90
Professional 0.50 −0.10 0.40 0.50 0.40

The corresponding observations, risk deductions, updated person models, proposals, and nearest
options were

Actor Ok βkr
k Mk

1 Qk π(Qk)

AI 0.60 0.30 0.50 0.20 0
Family 0.20 0.72 0.12 −0.60 −1
Professional 0.70 0.20 0.58 0.38 0

These were verification targets, not estimates of actor groups. A mismatch in an intermediate
value, response provenance, decision basis, gate state, or aggregation state would fail the baseline
check.

The person response was separately supplied as the exogenous synthetic input modify(0).
The prior delegation record covered only departure_time, not outing_method, giving z = 0, but
D = 0 followed from the current modification rather than proposal averaging. The typed input
delegate_is_ai was an unverified exogenous synthetic input, and AI was not an eligible delegate.
Expected outcome congruence was 0.60. The six CCE rights gates—will_and_preferences,
support_access, no_undue_influence, proportionate_and_limited, review_and_appeal, and
delegation_and_return—were individually met, with all_met=true. The procedural partici-
pation records meaningful_contribution, comprehensible_information, real_options, and
refusal_and_modification were met; expression_support and time_and_reconsideration
were unconfirmed. These participation records were stored but were not inputs to the decision
rule.

The actor-specific outcomes were person safety 0.75, occupational participation 0.80,
and family burden 0.40. Professional burden and ecosystem stability were null with sta-
tus not_parameterized; null meant not parameterized, not zero. The required record was
outcomes.aggregation = "none". Rights gate states, participation records, outcome congruence,
safety, occupational participation, and actor-specific burden were not converted into a composite
score or a vote.
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5.3 Noise and observation failure experiments

The M1 noise experiment reused the nine deterministic condition structures and used seeds 41000–
41099. Noise was Gaussian with mean 0 and standard deviation 0.1 and was clipped to [−1, 1]. The
design used 100 independent fixed series and common random numbers across the corresponding 9
conditions. It therefore produced 900 rows, equal to 100 series × 9 conditions, not 900 independent
series. Stored aggregation used the median and 0.05/0.95 quantiles. Recovery was not measured in
the noise runs.

Observation failures were examined separately over 30 time steps, with a change at step 10, a
synthetic current will changing from −0.8 to +0.8, an initial person model of −0.8, a learning rate
of 0.50, and a risk deduction of 0. The experiment used seeds 52000–52099 and the same Gaussian
noise form. The 100 independent fixed series used common random numbers across corresponding
conditions. The nominal design displayed 12 conditions and 1,200 rows because the zero strength
control was repeated under each of three mechanisms. Removing those repeated controls left 10
effective conditions and 1,000 nonduplicate rows. Aggregation again used the median and 0.05/0.95
quantiles.

Missingness, systematic bias, and delay remained distinct mechanisms. The rates under missing
completely at random were 0, 0.1, 0.3, and 0.5. When an observation was missing, no update
occurred and the preceding person model was retained for that step. Fixed negative bias offsets
were 0, −0.2, −0.4, and −0.8 in the scenario where current will changed from −0.8 to +0.8; the
offsets moved observations negatively away from the new will. This directional scenario did not
support a claim that every form or direction of bias must increase error. Delays were 0, 1, 3, and 5
steps and were recorded as delayed observations rather than recoded as missingness or fixed bias.
Outputs retained separate records for each mechanism, including missingness rate, cumulative error,
and maximum error. These selected checks were scoped robustness examinations, not a complete
sensitivity or uncertainty analysis over the full input space [46].

5.4 H1b-1: synthetic response and decision effects

M2 used

Yt(a) = clip
(
(1− asimt )Bt + asimt QA

t

)
,

where asimt ∈ [0, 1] was a synthetic parameter for coupling the proposal and response, not AI
authority, a weight assigned to a person, or an observed human coefficient. Continuous response
change and discrete decision change were measured separately:

IAY,t =
|Yt(a)− Yt(0)|

2
,

IAD,t =
|Dt(a)−Dt(0)|

2
.

For the fixed synthetic equation,

IAY = a
|Q−B|

2
.

H1b-1 was an analytical verification target, and the baseline and robustness experiments were
implementation checks of its model-implied properties. When the initial response and AI pro-
posal were in opposite directions while the option set and rights conditions were fixed, increasing
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asimt would not decrease the continuous response effect, the discrete decision effect, or decision dis-
agreement with the initial response. Flat intervals in the discrete decision were allowed because
a changing continuous response can remain nearest to the same option. Thus, an increase in IAY
without an increase in IAD was not a falsification. At an equal distance point, the implementation
returned all nearest options, withheld a unique decision, and did not force a numerical IAD. Failure
of the continuous effect to follow the analytical expression, or a decrease in a decision comparison
where both decisions had unique nearest options, would fail the H1b-1 implementation check.

The H1b-1 baseline fixed Ω = {−1, 0, 1}, B = 1, QA ∈ {−1, 0, 1}, and the coupling grid
asimt ∈ {0.0, 0.1, . . . , 1.0}. All six CCE rights gate states were supplied as met. The three proposal
values and 11 coupling values produced 33 conditions. Eleven conditions used the opposite-direction
setting B = 1 and QA = −1, and the remaining 22 were controls. The 11 opposite-direction
conditions excluded the hand calculation equal distance points a = 0.25 and a = 0.75; equal
distance behavior was checked separately through one condition with an intermediate proposal and
the rights and option cases.

The robustness checks used the same coupling grid from 0.0 to 1.0 in increments of 0.1. Baseline
sensitivity used B ∈ {1.0, 0.75,−0.75,−1.0} with QA = −B, giving 4×11 = 44 conditions. Option-
set sensitivity used B = 1 and QA = −1 with three recorded option sets, giving 3 × 11 = 33
conditions. The robustness extension therefore contained 77 conditions. Raw responses, discrete
decisions, and validity states were retained separately.

5.5 H1b-2: rights and option cases

H1b-2 was a scoped check of the decision rule and rights cases: when refusal, stopping, and modi-
fication were respected, and an unconfirmed response did not authorize a decision, the AI proposal
alone would not automatically produce an irreversible final decision. The cases examined response
states, CCE rights gate states, equal distance handling, and option set changes while keeping re-
sponse effect, decision effect, option loss, and refusal blocking separate. Option loss and refusal
blocking were recorded as

LA
Ω,t = 1− |ΩA

t ∩ Ω0
t |

|Ω0
t |

and

BA
R,t =

{
1 if a decision proceeded after refusal or stopping,
0 if refusal or stopping was respected.

The CCE rights gate states were exogenous synthetic inputs; they were not inferred from
proposal-influence diagnostics or procedural participation records. H1b-2 would fail if an uncon-
firmed response advanced an irreversible decision, refusal or stopping was bypassed, a modification
was overwritten, an unconfirmed or violated gate permitted the decision, or an equal distance option
was silently selected as unique.

The suite contained 8 cases with mixed provenance: an original fixed set of 7 cases plus one
diagnostic case added after review. The cases comprised confirmed modification, rejection, deferral,
an unconfirmed response, a violated no_undue_influence gate, narrowed options with a violated
gate, narrowed options with all six supplied gates met, and one unsafe negative control in which
rejection was bypassed. The case with narrowed options and all supplied gates met was the diagnostic
case added after review; the other seven cases belonged to the original fixed set.
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The additional diagnostic case isolated option narrowing while every rights gate was externally
supplied as met. It examined a boundary of the current rule: option loss can be recorded, but narrow-
ing alone does not stop a decision when the exogenous gate inputs remain met. The model does not
infer that such inputs are internally inconsistent. Option loss and refusal blocking therefore remained
separate diagnostics and were not combined with response effect, decision effect, or outcome congru-
ence. When a decision was paused, the stored states were pause_duration_status=not_modeled
and pause_consequence_status=not_modeled; pausing was not evidence of safety, neutrality, or
realization of the person’s will.

The core evidence comprised the M0, M1, and M2 analytical and synthetic checks and 96 core
tests. A further 41 tests preserved technical preparation for future H1c-R, giving 137 total tests.
H1c-R would compare one versus three presentations of the same AI proposal to real participants.
Those 41 tests were not core CCE-MVM v0.1 evidence, contained no human results, and did not
establish empirical, clinical, legal, ethical, or external validity.

6 Results

The results are reported by module because CCE-MVM v0.1, the CCE Minimum Viable Model,
did not run M0, M1, and M2 as one endogenous simulation of interactions among four actors.
M0 recorded one decision event with an exogenous synthetic person response; M1 examined time-
varying updates of the person model; and M2 examined the specified synthetic relation between
an AI proposal, a response, and a discrete decision. The reported values describe implemented
equations, fixed synthetic conditions, and saved outputs rather than observed human behavior.
The implementation conformance, test counts, regeneration, and output comparison reported in
this section are author-reported internal verification results for unreleased artifacts.

6.1 M0 hand calculation and reference implementation

The M0 reference implementation reproduced the complete hand calculation for the fixed decision
event about the outing method. The decision target was outing_method. The synthetic current
will was W = 0.80. The AI, family, and professional observations were 0.60, 0.20, and 0.70,
respectively. After the specified updates, their person model values were 0.50, 0.12, and 0.58,
and their continuous proposal values were 0.20, −0.60, and 0.38. Mapping those proposals to the
available options returned 0 for the AI, −1 for the family, and 0 for the professional. These proposals
were retained as separate records and were not averaged or counted as votes.

The exogenous synthetic person response was modify(0). The earlier delegation record was out-
side the scope of the decision, so z = 0, and the final decision was D = 0 through the person response
branch. The recorded agreement between the final decision and current will was 0.60. The sep-
arately recorded synthetic outcomes were person safety 0.75, occupational participation 0.80, and
family burden 0.40; their values and directions were explanatory synthetic fixtures. Professional
burden and ecosystem stability were both returned as null with status not_parameterized; they
were not assigned zero values. All six CCE rights gates were supplied exogenously as met. Four pro-
cedural participation records—meaningful_contribution, comprehensible_information, real_
options, and refusal_and_modification—were met, whereas expression_support and time_
and_reconsideration were unconfirmed. The deadline and other environmental constraints that
had not been parameterized were also retained as null/not_parameterized. Thus, agreement be-
tween the hand calculation and code covered intermediate observations, updated person models,
proposals, option mapping, the response branch, the final decision, and the separated outputs; it
did not turn the recorded items into a composite result.
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6.2 H1a, H2a, and H2b

The fixed H1a/H2 experiment served as an implementation check and comprised nine conditions
and 245 rows across time. H1a was an analytical verification target for a model-implied property:
lower learning rates retained a larger person model error for longer after a permanent change in
the synthetic current will. The iterative implementation agreed with the closed form of the update:
when the observation remained at the new value, the remaining difference was multiplied by the
retained fraction at each update. This was a structural property of the specified linear update under
fixed conditions, not an estimate of how quickly any person, family member, professional, or AI
learns.

H2a was likewise an analytical verification target for a model-implied property and was checked
separately in the implementation. Under a temporary observation shock, higher learning rates
produced a larger immediate movement of the person model toward the shocked observation. Taken
together, H1a and H2a did not produce a single ordering in which a larger or smaller learning
rate was uniformly preferable. Increasing the learning rate reduced persistence of error after a
permanent change but increased movement toward a temporary observation. The opposing results
were reproduced in the saved trajectories.

H2b concerned recovery after the temporary shock and had a narrower boundary than H2a. H2b
was evaluated only at the fixed shock length of two steps and the fixed recovery tolerance of 0.10.
Under those conditions, higher learning rates required fewer steps to return within the tolerance
after ordinary observations resumed. This ordering is limited to that shock length, tolerance, finite
observation period, and definition in discrete steps. When the tolerance was changed, the categorical
recovery result did not retain a simple universal ordering: some settings were recorded as not
recovered within the observation period, whereas in others the trajectory never left the tolerance
band and therefore had no recovery interval to count. Recovery was not measured under noise. H2a
and H2b therefore report different outputs and are not combined into one statement about recovery
under uncertainty.

Figure 3 visualizes the distinct H1a, H2a, and H2b patterns under the fixed deterministic con-
ditions.

6.3 Noise and observation failures

The noise experiment served as a scoped implementation check and contained 900 condition rows
formed by applying the same 100 independent random series across nine conditions; it did not
contain 900 independent series. The saved summaries retained the median and the 5th and 95th
percentiles for each condition. Within the selected setting with normal noise, the median H1a
ordering remained: lower learning rates retained error for longer after the permanent change. The
median H2a ordering also remained: higher learning rates moved farther toward the temporary
shock. These implementation results are conditional on the selected distribution, parameter values,
observation window, and use of the same random series across conditions. The percentiles were not
treated as estimates from observed data. Recovery was not calculated from these runs.

The observation failure experiment contained nominally 1,200 condition rows from 100 indepen-
dent series across 12 displayed conditions. Because the control at intensity zero was repeated for
missing observations, systematic bias, and observation delay, the dataset contained 1,000 nondu-
plicate condition rows across ten effective conditions. The experiment kept the three mechanisms
separate and saved outputs for each mechanism such as missing rate, cumulative error, and max-
imum error. The mechanisms are reported separately; no combined numerical effect or common
ordering is claimed. In particular, the systematic bias condition represented only a bias in the
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Figure 3. Learning rate creates a lag-over-following trade-off
Deterministic synthetic trajectories
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B. H2 - two-step transient observation shock
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Figure 3: Deterministic synthetic trajectories under five fixed learning rates. In H1a, smaller
learning rates update more slowly after a persistent change. In H2, larger learning rates follow the
observation shock lasting two steps more strongly and then recover more quickly under the fixed
tolerance. The dashed black line is the reference. These trajectories do not estimate human learning
rates. The apparent trade-off is conditional on the equation defined in this study, input sequence,
and parameter grid.
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negative direction in a fixed change of the synthetic current will from −0.8 to +0.8. The results
therefore do not support the broader claim that bias of any direction must increase error. The delay
findings likewise belong to the fixed observation windows used in the experiment rather than to all
possible delays.

6.4 H1b response and decision results

H1b-1 was an analytical verification target, and the baseline experiment served as an implementation
check of its model-implied response and decision properties. The experiment separated continuous
response change from discrete decision change and included 33 coupling conditions: 11 conditions in
which the initial response and AI proposal were in opposite directions and 22 control conditions. In
the conditions with the initial response and proposal in opposite directions, the continuous response
quantity IAY followed the analytic relation IAY = a |Q−B|

2 and did not decrease as the synthetic
coupling parameter increased. The separate discrete decision quantity did not change continuously.
It remained unchanged within regions mapped to the same available option and changed only when
the response crossed a boundary between nearest options. Consequently, a nonzero continuous
response effect could coexist with no discrete decision change. These flat regions were expected
from the option mapping, were reproduced by the implementation, and were not interpreted as
absence of response change.

States with equal distance were also kept separate from ordinary decision changes. When mul-
tiple options were equally near, the implementation returned the tied candidates and paused rather
than selecting one automatically. The 11 main conditions with the initial response and proposal in
opposite directions did not pass through the exact equal distance points of 0.25 and 0.75. Equal dis-
tance was directly exercised in the intermediate proposal H1b-1 condition and in a separate decision
rule test. An undefined or paused decision was not converted into a numerical decision effect.

Figure 4 shows how continuous synthetic response change can precede a change in the discrete
mapped decision.

H1b-2 was a scoped check of the decision rule and rights cases, with eight saved cases of mixed
provenance. The original seven cases were internally fixed before execution; no external registry
was used. One additional option narrowing case was added after review as a diagnostic case, and its
later origin was retained in the metadata. The eight saved cases covered confirmed modify, reject,
defer, unconfirmed, a violated undue influence gate, option narrowing with a violated gate, option
narrowing with externally supplied met gates, and the isolated unsafe negative control that bypassed
rejection. The option narrowing case with externally supplied met gates was the diagnostic case
added after review. The isolated unsafe negative control that bypassed rejection was already among
the original seven. The eight saved cases contained neither an accept case nor a delegate case.

The confirmed modify case returned the feasible option identified by the current person response.
The reject, defer, and unconfirmed cases returned paused. The case with a violated undue
influence gate and the option narrowing case with a violated gate also returned paused. The
isolated unsafe negative control that bypassed rejection produced the intended failure by allowing a
decision to proceed after rejection; it was retained as a negative control rather than presented as the
behavior of the ordinary v0.1 decision rule. By contrast, option narrowing alone did not pause the
decision when all externally supplied rights gate states remained met. The implementation recorded
the option loss but did not infer that the supplied gate states were internally inconsistent. This
outcome is consistent with the v0.1 boundary: the rights gate states are exogenous synthetic inputs,
procedural participation records are not inputs to the decision rule, and the model does not detect
undue influence from other outputs.

Separate core decision rule tests, rather than the eight saved H1b-2 cases, exercised accept and
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Figure 4. Continuous response change can cross discrete decision thresholds
33 synthetic H1b-1 conditions
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Figure 4: Continuous synthetic response after the proposal and corresponding discrete decision
across 33 H1b-1 coupling conditions. The gray step line shows mapping to the nearest option in
the fixed set {−1, 0, 1}. A tie between options at equal distance is paused rather than broken
automatically. All values are synthetic and are not estimates of human behavior or intervention
effects. The threshold crossings are consequences of the fixed discretization rule, not clinical decision
thresholds.
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delegation behavior. Those tests showed that accept and modify use the current person response.
A delegate response entered the delegation branch only when the current response was delegate,
the delegation record was valid for the decision, delegate_is_ai=false, and the delegated option
was feasible. Invalid or infeasible delegation returned paused, and a prior delegation did not over-
write a current reject, defer, or unconfirmed response. Across the separate 77 H1b robustness
conditions—44 conditions that varied the initial response and 33 conditions that varied the option
set—the raw responses, mapped decisions, and condition checks matched the fixed expectations.
This agreement concerns the specified synthetic equation and option mapping, not human response
to AI advice.

For every H1b case that returned paused, the duration and consequences of the pause remained
not_modeled. A paused state therefore did not establish safety, neutrality, or realization of the
person’s current will. The typed delegate_is_ai field was also retained as an unverified exogenous
synthetic input; the implementation did not independently establish the identity of a delegate.
Emergency measures and an integration over time of M0, M1, and M2 were not implemented in
v0.1.

6.5 Model tests and internal regeneration

All 96 core model tests passed in the author-reported internal verification. They covered the M0
reference event and output schema, analytic relations, H1a/H2 conditions, noise, observation fail-
ures, and H1b baseline and robustness conditions. The complete model test discovery returned 137
passing tests because it also included 41 tests that preserve materials for a future human study.
Those 41 tests were not counted as core evidence for CCE-MVM v0.1. The counts of 96 and 137
refer only to the model test suite and exclude later tests of workflow tools and later checks of the
package and bibliography.

Internal regeneration was completed for six experiments as part of the author-reported internal
verification: the M0 reference event, H1a/H2 without noise, observation noise, observation failures,
the H1b baseline experiment, and H1b robustness. In that internal run, the 17 canonical CSV/JSON
outputs regenerated in a new temporary folder were identical at the byte level to the saved canonical
files. The CSV and JSON files therefore remained the computational records for this comparison.
The saved H1b spreadsheet files were not regenerated because a corresponding generation process
was not confirmed, so they remained viewing files that were not canonical computational records.
This was internal regeneration using the controlled code, settings, and author’s environment. It
was not independent replication, did not establish external validity, and did not validate the model
against people or care settings.

7 Discussion

The main result of CCE-MVM v0.1 is not an improved care decision but the explicit separation of
elements that can remain implicit when AI produces a recommendation: the person’s currently ex-
pressed will, the CCE person model held by each other actor, each proposal, the person’s response,
decision authority, the CCE rights gates, and the actor-specific outcomes. The CCE person model
is a simplified state held separately for the AI, family, and professional actors; it is not the person
or a complete representation of the person. A CCE rights gate is one of six separately recorded
decision conditions. Actor-specific outcomes keep safety, occupational participation, family burden,
professional burden, and ecosystem stability in separate fields. This structure distinguishes agree-
ment on a final option from agreement about the person, the process, or the authority by which the
decision was produced.
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The separated person models make differences in information inspectable. In M0, the AI, family,
and professional actors observe the same current will through separate observation errors, update
separate person models, and generate separate proposals. A proposal does not acquire decision
authority because it is accurate, because other actors agree, or because its continuous value lies
near the final option. In the baseline event, the arithmetic mean of the three proposal values was
approximately −0.007, whereas the final decision was 0 because the person’s exogenous response
was modify(0). The same numerical endpoint would have a different meaning if produced by voting
or averaging. M0 therefore records observation, proposal, response, and authority separately. The
person’s response is an exogenous synthetic input in M0; only M2 calculates a relation between the
AI proposal and a synthetic response. The results do not show that any other actor caused the
person’s response.

The categorical response states make authority conditional on what the person did, not merely
on a continuous response value. In the reference decision rule, accept and modify can support a
person decision; reject, defer, and unconfirmed lead to paused; and delegate permits a delegate
decision only within a valid, limited delegation. A past delegation record does not override the latest
response. AI is not an eligible delegate, although delegate_is_ai remains an unverified exogenous
input rather than an identity check performed by the model. The six CCE rights gates are recorded
separately as met, unconfirmed, or violated, and every gate must be met before an irreversible
decision is returned. These are rights gates that cannot be offset by other outcomes. The CCE
person-sovereignty construct is therefore a pattern of conditions, responses, authority records, and
outcomes rather than a single score. The rights gate states are exogenous synthetic inputs, and the
procedural participation records are not inputs to the decision rule. The implementation can act on
supplied gate states, but it does not infer undue influence from the interaction itself. The duration
and consequences of paused are not modeled.

Keeping actor-specific outcomes separate changes what can legitimately be called favorable.
Greater outcome congruence, a safer synthetic option, or lower family burden cannot erase a gate
recorded as unconfirmed or violated. Conversely, lower outcome congruence does not establish
a rights failure, because the person may have revised an option or chosen limited delegation. Pro-
fessional burden and ecosystem stability remain null with the status not_parameterized; these
entries do not mean zero or neutrality. The model preserves unresolved differences instead of forcing
safety, participation, burden, rights, and agreement into one composite. This is a structural decision
to keep distinct questions available for review, not a finding that one outcome is universally more
important.

H1a and H2a are analytical verification targets for model-implied properties of the specified
update equation. Together, they define a learning rate trade-off within that equation. Their syn-
thetic runs are implementation checks, not independent experimental evidence for those algebraic
consequences, and they do not select a universal optimum. H1a concerns sustained change: lower
λ preserves the previous person model longer and prolongs error after the current will changes
persistently. H2a concerns temporary observation change: higher λ produces a larger immediate
displacement during the fixed shock. H2b is a recovery check limited to the specified conditions after
that shock. The H2b ordering is specific to the tested conditions: a shock length of 2, a recovery
tolerance of 0.10, a finite observation period, and the specified discrete update steps. Under those
conditions, higher learning rates returned to the tolerance band in fewer steps after ordinary obser-
vations resumed. Recovery was not measured under noise. A higher learning rate can reduce delay
after sustained change while increasing response to a temporary observation; a lower rate can resist
the temporary observation while retaining an outdated model. Choosing an optimum would require
external judgments about the consequences of those errors, observation quality, and opportunities
for review. The 80/20 example is only a synthetic learning rate example, not a clinical recommen-
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dation. The tested parameter values also do not justify claims across an unexamined input space
[46].

M2 contains two distinct checks. H1b-1 is an analytical verification target for a model-implied
proposal–response property, whereas H1b-2 is a scoped check of the decision rule and rights cases.
The H1b-1 implementation checks show why continuous response change and discrete decision
change must remain separate. Under the specified response equation, the continuous response
changes with the synthetic coupling parameter asimt , but the final decision is obtained only after
mapping that response to the available discrete options. With an initial response of 1 and an AI
proposal of −1, coupling 0.20 moved the response to 0.60 while the decision remained 1. At 0.50,
both became 0; at 0.80, the response was −0.60 and the decision was −1. A proposal can therefore
change the response before it changes the selected option, while a small additional change near an
option boundary can change the decision abruptly. When two options are at the same distance, as
at 0.25 and 0.75 here, the implementation returns both candidates and pauses rather than choosing
automatically. Continuous response change and discrete decision change answer different questions
and should not be combined. These patterns are implementation checks of the H1b-1 model-implied
property and the specified option mapping; they are not independent experimental evidence for the
algebraic relation and do not demonstrate human response to AI advice. H1b-2 separately checks
the decision rule and rights cases within its stated scope.

The separation of M0, M1, and M2 improves inspectability but reduces realism by omitting feed-
back among modules. M0 records one decision event, response, delegation, rights gates, authority,
and separated outcomes. M1 isolates change in person models over time under learning rates and
the tested conditions for noise, missing observations, bias in one direction, and delay. M2 isolates
the relation between an AI proposal and a synthetic response, together with decision change and
selected rights cases. Unexpected results can therefore be traced to a smaller set of assumptions,
while equations, implementation, tests, configurations, and saved outputs can be checked against
one another. The 96 core tests, 137 total tests, and internal regeneration of 17 canonical CSV/JSON
outputs support that implementation claim, but not independent replication. The omitted feed-
back is visible in the boundaries: M0 does not generate the person’s response from the proposals,
M1 does not feed actor-specific outcomes into later decisions, and M2 does not generate changing
family or professional responses. The modules do not implement endogenous interaction among all
four actors, repeated life events, changing organizational constraints, or a complete changing care
network.

This scope places CCE-MVM v0.1 within existing accounts of care. The dynamic care ecosystem
already describes care as a changing arrangement of people, needs, relationships, and technologies
that may include AI [1]. Research on AI in care networks also considers assistance, affiliation, and
relations among older adults and formal or informal supporters [2, 3, 4, 7]. Distributed cognition
locates decision activity across people, artifacts, and work settings, while sociotechnical systems
examine people, tasks, technology, physical settings, and organizations together [6, 5]. CCE-MVM
does not originate these perspectives. Its narrower contribution is to place selected distinctions—
separate person models, categorical responses, authority, rights gates, and actor-specific outcomes—
into a small specification that can be inspected and tested. Because the modules omit much of the
structure, change, and feedback of an actual care network, they are not a computational reproduction
of an entire dynamic care ecosystem.

Relational autonomy recognizes that relationships can support autonomy but can also constrain
it [8, 9]. The distinction between supporting and replacing a person’s decision, together with atten-
tion to will and preferences, undue influence, and review, is also present in accounts of supported
decision-making [11, 12]. CCE responds by separating proposal from authority and by refusing to
let another outcome offset a rights gate. That is a formal design response, not evidence that the
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gates classify real interactions accurately or establish legal compliance. The Capability Approach
directs attention beyond resources or achieved outcomes toward the opportunities and freedoms a
person can exercise, and it has been applied to accounts of AI benefit and assistance [26, 27]. CCE’s
option set, occupational participation field, and separated outcomes are compatible with asking such
questions, but v0.1 contains neither a validated capability measure nor evidence that its synthetic
options are genuinely available or understandable in practice.

The comparison with human–AI collaboration is similarly limited. Correct AI advice can im-
prove judgment in some experimental tasks, while incorrect advice can mislead professionals, and
explanations do not always prevent that error [13, 14, 15]. Reviews indicate that much health care
evidence remains concentrated in diagnostic or short-term tasks, with less evidence on longitudinal,
patient, and system outcomes [39]. CCE does not test whether collaboration improves performance;
it adds separate questions about response change, decision change, authority, rights conditions, and
actor-specific outcomes. Mathematical shared decision-making models already distinguish parties’
information and preferences, while other computational work integrates multiple input sources with
learned weights or examines mutual change between humans and AI over time [19, 24, 25]. CCE’s
difference lies in its particular modular separation and refusal to absorb rights conditions and actor
outcomes into one decision value, not in inventing dynamic influence. Model names should follow
the states, rules, interactions, and feedback actually implemented [35]. CCE-MVM v0.1 is therefore
not a Human Digital Twin: it lacks data from a real person, repeated updating against such data,
prediction specific to that person, and feedback into real decisions [40].

The results establish bounded computational feasibility and internal verification, not human
causality, empirical validation, clinical or ethical benefit, safety, legal validity, or external validity.
Verification of implementation must remain distinct from validation against the intended reality
[28]. Internal regeneration used the project’s own code, fixed conditions, and development process;
independent replication by a separate researcher in a fresh environment has not been completed [45].
Future work should obtain human review from people with lived experience, family perspectives, care
professionals, and reviewers with expertise in quantitative methods, reproducibility, rights, ethics,
and law. Empirical validation should test whether response states, person model records, delegation
records, rights conditions, and actor outcomes can be observed and interpreted consistently, without
assuming that synthetic parameters are human coefficients. Independent replication should run the
fixed package without developer intervention and compare the core tests, major experiments, and
canonical outputs. Modeling life trajectories would require connecting repeated decisions, changing
relationships, resources, and consequences while continuing to distinguish the person’s own meaning
from inferences made by other actors. Finally, a future comparative study should evaluate a system
designed using CCE against a default AI system. Prediction accuracy, continuous response change,
discrete decision change, participation records, rights gate states, and actor-specific outcomes should
remain separate rather than being combined into one composite. Such a study would test whether
the design changes any observed process or outcome; the present synthetic results do not predict
that it will.

8 Rights, Ethics, Misuse, and Limitations

CCE-MVM v0.1 is a research computational model for examining information, support, options,
authority, and review surrounding a decision. It neither evaluates a person’s worth nor determines
legal status, capacity, or consent. This section does not provide legal or clinical advice. The model
has not been shown safe, ethically correct, legally valid, clinically useful, or predictive of human
behavior.
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Four concepts must remain separate. Legal capacity concerns a person’s status and exercise of
rights before the law; CCE neither grants, removes, grades, nor predicts it. Decision-making capacity
is a clinical and functional concept tied to a particular decision, time, and support environment;
it is not inferred from CCE. Informed consent is a process involving information, understanding,
voluntariness, choice, and consent or refusal; a model record cannot establish its validity. The CCE
person-sovereignty construct concerns whether surrounding support and decision authority make it
possible for the person to understand, contribute, refuse, modify, delegate within a stated scope,
and request review. It is not legal sovereignty, a diagnosis, a validated measure, or a substitute
for assessment by authorized people. Rights and clinical sources likewise separate legal capacity,
supported decision-making, decision-making capacity, and informed consent. [11, 12, 30, 47, 41]

The rights basis motivating the model is narrower than a legal conclusion. Article 12 of the
Convention on the Rights of Persons with Disabilities addresses equal recognition before the law,
access to support for exercising legal capacity, and safeguards that respect rights, will and preferences
while addressing conflicts of interest, undue influence, proportionality, duration, and review. [11,
12] Japanese guidance likewise describes supported decision-making as support for the person’s
formation, expression, and realization of a decision rather than replacement of that decision. [47, 41]
CCE uses these sources to constrain its research design. It does not determine compliance with a
treaty, statute, professional duty, or local procedure.

The 80/20 example has no clinical meaning. In the synthetic update equation, a learning rate of
λ = 0.20 retains 80% of the previous person model and incorporates 20% of the current observation.
It does not authorize assigning only 20% weight to a person’s current verbal or nonverbal expression,
and it is neither a clinical recommendation nor a commonly accepted rule. Past information, current
expression, the basis for an inference, and the age of information must remain distinguishable.
[12, 41]

The six CCE rights gates are will_and_preferences, support_access, no_undue_influence,
proportionate_and_limited, review_and_appeal, and delegation_and_return. Each is an ex-
ogenous check with three possible states: met, unconfirmed, or violated. The states are supplied
from outside the decision rule; the model does not derive them from observed conduct, separate
AI proposal and response records, or procedural participation records. All six must be met for
all_met=true. One gate cannot offset another, and no favorable safety, participation, or burden
output can compensate for an unconfirmed or violated gate. The gates are structured event
records, not a validated scale, a legal determination, an ethics score, or a composite score. Their
use therefore does not show that rights were protected in a real decision. The cited rights sources
motivate the emphasis on rights, will and preferences, safeguards, and review; the six gates and the
noncompensation rule are design choices defined in this study, not validated consequences of those
sources. [11, 12]

The six procedural participation fields—meaningful_contribution, comprehensible_
information, real_options, refusal_and_modification, expression_support, and time_and_
reconsideration—are recorded separately. They are not inputs to the decision rule in v0.1.
A recorded field therefore documents the supplied state but does not automatically change the
decision, prove meaningful participation, or detect pressure or undue influence. In particular,
no_undue_influence is not inferred from these six records. A data provider could supply internally
inconsistent states, such as narrowed options together with all rights gates marked met, and the
reference implementation cannot resolve that inconsistency by itself. The model can enforce a
response to supplied gate states, but it cannot establish whether they are true.

Decision authority is similarly constrained. AI may provide observations, estimates, organiza-
tion of information, and proposals, but it cannot make the person’s final decision in v0.1. AI is not
an eligible delegate. Family members and professionals do not acquire decision authority merely
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from their roles. Delegation is considered only when the person’s current response is delegate and
the recorded scope, time limit, person choice, a record that it was not revoked, revocability, and
feasible delegated option are satisfied. The field delegate_is_ai is an unverified typed exogenous
input. The implementation does not infer whether a delegate is AI from a name or display label,
and delegate_is_ai=false does not prove that the delegate is a human being. Its baseline prove-
nance is unverified_exogenous_synthetic_input. Consequently, this field cannot authorize real
delegation or replace identity, legal, or clinical checks.

Several computational rules must not be reinterpreted as safeguards for real decisions. When
two options are at equal distance from a proposal, the reference implementation returns all equal
candidates and pauses if a unique final option cannot be identified. Its equality test covers only a
numerical distance difference of at most 10−12. This is an exact computational rule, not a safety
band for approximately similar real options. M1 time series conditions were fixed so that the nearest
option was unique. Their agreement counts therefore do not test general cases involving options
at equal distance and must not be presented as a complete time series decision rule for ambiguous
options.

Option loss is recorded separately, but option loss alone does not always pause a decision. If all
six exogenous rights gates are supplied as met, a narrowed option set can pass the current decision
rule. The diagnostic case added after review exposed this boundary rather than repairing it by
silently making procedural participation an input to the decision rule. A future version would
require a separately specified and tested rule if option loss is to change the decision automatically.

The status paused is also limited. It means that the reference implementation did not produce
the irreversible decision under its current rule. It does not mean that the situation is safe, neutral,
stable, or aligned with the person’s will and preferences. Behavior during the pause, its duration, re-
currence, practical consequences, and divergence from the person’s current will are unmodeled. The
outputs therefore record pause_consequence_status=not_modeled and pause_duration_status=
not_modeled. Likewise, null means not_parameterized, not zero. In v0.1, professional burden
and ecosystem stability retain output fields but are not assigned invented numerical values.

The illustrative safety, occupational participation, and family burden values in the baseline
event are synthetic fixtures and are not normative. Their magnitudes and directions are not clinical
estimates, default weights, recommended balances, or evidence that one option is preferable. Family
burden is an important separate outcome, but it cannot offset a failed rights gate or be converted
into the person’s will. The same separation applies to safety and occupational participation: these
outputs may be examined together, but they are not added to a single result that ranks the person
or determines authority.

The experimental findings have equally narrow scopes. H2b recovery ordering was observed only
under the deterministic condition with shock length 2 and recovery tolerance 0.10. Changing the
tolerance can yield no recovery within the observation period or no departure beyond the tolerance.
Recovery was not measured under noise. The systematic bias experiment used one fixed direction:
after a synthetic change in the person’s will from −0.8 to +0.8, observations were shifted in the
negative direction, away from the new value. It does not establish that every form or direction of
bias increases error. More generally, the reported parameter sweeps and robustness checks cover
specified inputs, not the complete input space; limited tests must not be generalized into universal
robustness. [46]

No human, patient, or institutional data were used. There were no clinical observations, records,
cases, outcomes, or estimates of human coefficients. The M0 person response, rights gate states,
and illustrated outcomes are synthetic exogenous inputs. Internal verification asks whether the
equations, rules, implementation, tests, and regenerated outputs agree. Validation asks whether the
model adequately represents its intended setting, and external validity concerns whether findings
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extend to other people, settings, and conditions. These are different questions. [28, 29] CCE-MVM
v0.1 has internal computational verification within its specified conditions; it has no empirical or
clinical validation, no established external validity, no ethical validation, and no safety validation.

Emergency action remains outside the ordinary decision rule. A separately specified future
emergency mechanism is unimplemented in v0.1 and is not a branch of M0 or the ordinary final
decision rule. It would require severe harm, imminent danger, necessity, no less restrictive available
action, a fixed and limited duration, and recording, review, appeal, and return of decision authority,
and it could not be triggered automatically by AI. This future boundary is not legal or clinical
authorization for intervention and may not be valid across jurisdictions or situations. [11, 12]

Prohibited uses follow directly from these limits. CCE-MVM v0.1 must not be used for auto-
mated care eligibility, ranking a person, scoring worth or capacity, determining informed consent,
restricting rights, or substituting AI for human decision processes involving rights. It must not
turn agreement among AI, family, and professionals into a vote against the person, and it must not
treat silence or an unconfirmed response as consent. WHO guidance on AI for health emphasizes
autonomy, safety, transparency, responsibility, fairness, continuing assessment, and prevention of
inappropriate transfer of human authority to AI; the six CCE rights gates do not by themselves
satisfy those requirements. [48, 49] Any future study involving people would need separate human
review, empirical protocols, applicable governance, data management, measurement development,
and participation by affected people. Those steps remain outside this study.

9 Reproducibility and Availability

Here, computational reproducibility means obtaining the same computational results from the same
code, inputs, recorded environment information, and procedures. It was organized as a trace from
the formal Specification to executable implementation, experiment configurations, saved outputs,
and automated tests. The implementation conformance, test counts, regeneration, and output com-
parison reported below are author-reported internal verification results obtained before the public
release. Reporting guidance for computational studies emphasizes that model logic, inputs, exper-
iments, implementation, code, environment, and execution procedures should be documented to-
gether rather than inferred from a single descriptive file [42, 43, 44, 45]. Accordingly, the CCE-MVM
v0.1 Specification fixes the M0–M2 module boundaries, variables, equations, update order, input
constraints, required output fields, and conditions under which a decision is returned or paused.
The Python reference implementation realizes those requirements as separate modules. Experiment
configurations preserve parameter values, fixed random seeds where used, model and specification
versions, configuration SHA-256 values, the generating module, and the origin of conditions added
after the originally fixed cases.

The implementation trace links Specification requirements to concrete output fields and corre-
sponding tests. For M0, this includes the decision context, feasible options, the person’s current
will, actor observations, updates to the person models, proposals, the exogenous synthetic person
response, delegation records, states of the six CCE rights gates, six separate procedural participation
records, the decision status, and actor-specific outcomes. Undefined values are retained as null with
not_parameterized, rather than being replaced by zero. The same trace checks that outcomes are
not combined into a composite score and that M0 does not generate endogenous interaction among
four actors.

The current reproduction target comprises six experiments: the M0 baseline event; the deter-
ministic H1a/H2 experiment; the experiment with observation noise; the experiment with missing
observations, systematic bias, and observation delay; the H1b baseline experiment; and the H1b

31



robustness experiment. In the author-reported internal verification, these six experiments produced
17 canonical CSV/JSON outputs. When they were executed from the saved configurations into a
fresh temporary directory as part of that internal verification, the regenerated files matched the
saved canonical outputs byte for byte. CSV and JSON are therefore the computationally canonical
outputs for v0.1. Spreadsheet derivatives are not part of this target because their generating process
was not confirmed.

The core implementation and model tests use only the Python standard library and require no
external Python packages. Internal execution was first audited with Python 3.9.6, and later inter-
nal checks covered six Python versions through 3.14.7; the public-release source was subsequently
checked on Ubuntu, macOS, and Windows with Python 3.9–3.14. Exact interpreter versions and
the source commit are recorded in the release-linked CI logs. The manuscript’s author-reported
internal verification counts are 96 core model tests and 137 total model tests. The additional 41
tests concern a retained future empirical extension and are not counted as core CCE-MVM v0.1
completion evidence. The documented entry for all tests supplies both the test start location and
the package root; a shorter discovery form produces relative import errors rather than a discrepancy
in model results.

These checks support author-reported internal verification, meaning agreement among the stated
equations, rules, implementation, configurations, and saved synthetic outputs; they do not establish
validation against real persons or care settings [28, 29]. The agreement of the 17 outputs at the
byte level is an author-reported internal regeneration result obtained using the same code and
saved conditions. It is not independent replication by a third party. Independent execution by a
third party has not been completed: no separate person has used only a finalized release package
in a separate clean environment and compared the resulting canonical hashes. External validity,
empirical validation, and clinical validation therefore remain unestablished.

Figure 5 separates the author-reported internal verification completed in v0.1 from the later
evidence stages that remain open.

The public source repository is https://github.com/Usa-Cyclist/cce-mvm-v0.1. Release
v0.1 provides a fixed reproducibility archive and its SHA-256 checksum, license texts, citation in-
structions, and build metadata identifying the clean source commit. The release-linked CI run
passed all 19 jobs: 18 operating-system/interpreter combinations and one isolated-package check.
Each source-test combination passed 96 core tests and 16 release-tool tests. The final public package
was separately extracted and verified, including regeneration and byte-for-byte comparison of the
17 canonical outputs. These release checks remain author-managed computational verification, not
independent human reproduction or empirical validation. No separate archival DOI has been as-
signed. As part of the author-reported internal verification, the candidate bibliography and reference
register passed machine checks for entry correspondence, DOI normalization, claim coverage, and
the presence of recorded primary source verification. Bibliography verification and machine checks
do not establish content validity, correct citation use in every manuscript sentence, or validity of
the CCE model.

10 Conclusion

CCE-MVM v0.1 provides an internally inspectable modular representation of states related to the
person, proposals, responses, authority constraints, and separated outcomes. M0 records a single
decision event in which the person response is an exogenous synthetic input; M1 examines time
series updating of person models; and M2 separately examines the synthetic relation between an
AI proposal and a response. CCE-MVM v0.1 does not model endogenous interaction among four
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Figure 5. Verification and validation require different evidence
Status at CCE-MVM v0.1

1. Specification

Equations, rules, inputs, outputs, and boundaries are stated

COMPLETED

2. Internal verification

Implementation, 96 core tests, and 17 canonical outputs agree under tested conditions

COMPLETED

3. Independent replication

A third party runs the frozen public package without developer intervention

NOT COMPLETED

4. Empirical validation

Model states and predictions are compared with observations from real settings

NOT PERFORMED

5. Clinical and external validation

Usefulness, safety, legal and ethical adequacy, and generalizability are evaluated separately

NOT ESTABLISHED

Passing tests supports only the completed verification step; it does not move the model automatically to later steps.

Figure 5: Evidence stages relevant to CCE-MVM v0.1. Author-reported internal verification of the
Specification is complete under the tested conditions for the initially unreleased internal candidate,
subsequently published without changing its frozen scientific content. Independent replication by
a third party has not been completed, empirical validation has not been performed, and clinical or
external validity has not been established. Passing internal tests does not establish human, clinical,
ethical, legal, safety, or external validity.
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actors. Their separation instead preserves the stated boundaries among observations, proposals,
responses, authority constraints, decisions, and outcomes.

Under the tested conditions, the analytical and synthetic outputs were internally consistent with
the stated Specification. This is a verification claim: the specified equations, rules, implementation,
automated tests, and stored outputs corresponded within the examined conditions. Internal regen-
eration of the designated CSV and JSON outputs supports that limited conclusion, but it is not
independent replication. Neither passing tests nor agreement among AI systems proves the model
correct; these checks support only the tested correspondence and do not convert verification into
validation.

CCE-MVM v0.1 therefore does not validate human behavior or establish that its parameters,
responses, or outcomes represent real people or care settings. Empirical validation would require
comparison with observations or data from real settings, and none was performed in v0.1. Clinical
validation would require evidence concerning adequacy or benefit in clinical use, which was not
tested. External validity would require evidence that findings apply beyond the specified synthetic
conditions, and this has not been established. The model likewise does not validate clinical benefit,
safety, ethical correctness, or legal validity. Its internal consistency cannot be used as evidence that
a real decision, intervention, or authority arrangement is safe, ethical, lawful, or beneficial.

The present conclusion is thus limited to an inspectable modular representation and to the
internal consistency of its analytical and synthetic outputs under the tested conditions. Further
claims require independent replication, human and domain review, and empirical validation.

AI Use Disclosure

The author used ChatGPT with GPT-5.6 Sol in Pro mode to generate section drafts from a con-
trolled, anonymized authoring packet. Codex with GPT-5.6 Sol was used for concept structuring;
development and checking of the minimal formal model, Python reference implementation, tests,
counterexamples, and synthetic experiments; literature organization; checks of claim and evidence
boundaries; comparison of drafts with the Specification, equations, implementation, tests, outputs,
citations, and terminology; and assembly and verification of the working manuscript. Most Codex
work used xhigh reasoning, with a bounded audit using max reasoning at release freeze. Claude
Opus 5 was used before drafting for critical review of selected project materials that excluded pa-
tient data, case materials, and raw response records. A Claude model displayed in the interface as
“Claude Fable 5” (backend identifier not recorded) was used after drafting to audit an anonymized
manuscript. The audit findings were adjudicated against project evidence before revision. AI sys-
tems were not treated as authors, academic peer reviewers, or substitutes for human statistical,
ethical, legal, domain, or lived-experience review. Codex with GPT-6 Astra and xhigh reason-
ing was subsequently used for release-metadata checks, cross-platform verification, and submission
preparation; it did not change the frozen model or synthetic results. The human author directed
the study, made the scientific decisions, reviewed and approved its final scientific content through a
structured author readback, and remains responsible for its content and any public version.

Data and Code Availability

No human, patient, clinical, hospital, or institutional data were used. The present computational
materials comprise a Python reference implementation, experiment configurations, automated tests,
and 17 canonical CSV/JSON outputs generated from synthetic inputs. The source and a fixed repro-
ducibility archive are available as release v0.1 at https://github.com/Usa-Cyclist/cce-mvm-v0.
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1/releases/tag/v0.1. The release records the exact source commit, archive SHA-256, verifica-
tion run, and citation metadata. Code is licensed under Apache-2.0; documentation and synthetic
outputs are licensed under CC-BY-4.0. No separate archival DOI has been assigned.
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