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Abstract 

This paper proposes C.A.R.E. (Critical Analysis & Review Engine), a framework for the structured epistemic analysis of complex 
textual constructs, built on a deterministic aggregation engine. The system decomposes each instance into four isolated cognitive 
archetypes: Procedural (I1), Substantive (I2), Analytical (I3), and Resolutive (I4); each produces a structured judgment comprising 
a Key Assumptions Check (KAC), fragility classification, an operational prescription, and adversarial steelmanning. These 
judgments, expressed on three ordered classes (A = Admissible, Rv = Revisable with reservation, E = Excluded, carrying veto 
effect), are aggregated through a positionally invariant decision engine based on arrangements with repetitions, D(3,4) = 3⁴ = 81 
ordered arrangements. These are partitioned into four asymmetric zones under a cascading hierarchy: Hard Veto (45 
arrangements, triggered by I2 = E or I3 = E), Soft Veto (20 arrangements, triggered by I1 = E or I4 = E), Fluctuation (15 
arrangements, no E present but ≥1 Rv), and Consensus (1 arrangement: four A judgments). The system’s primary output is the 
CE Rating (Epistemic Class, CE-1 to CE-5), an ordinal scale that classifies the construct under examination into five traceable and 
auditable levels of epistemic quality, determined deterministically by the zone to which the judgment vector belongs. The 
combinatorial engine is verified by exhaustive enumeration across all 81 D(3,4) arrangements and across 256 extended 
combinations incorporating the Rv+ diagnostic class (Qualified Revisable). All heuristic parameters are defined through expert 
judgment; empirical validation constitutes the priority research agenda. The architecture is domain-agnostic; the default 
configuration is calibrated for credit risk assessment (EBA/GL/2020/06), adopted here as the applied case study. This work stands 
in methodological continuity with the author’s earlier publication, which developed the D(n,k) = n^k architecture in the context 
of multi-model credit rating for Italian SMEs, and transposes it here to multi-archetype epistemic assessment. 
 

Keywords: epistemic analysis, arrangements with repetitions, D(n,k), combinatorial engine, Hard Veto, Soft Veto, CE Rating, 
sycophancy bias, Key Assumptions Check, structured analysis, decision intelligence, AI governance. 

1) Introduction and Context 

1.1) Context and Purpose 
The assessment of complex constructs, such as research proposals, business plans, credit applications, and methodological 
frameworks, is structurally exposed to two recurring vulnerabilities: monocultural bias, arising from dependence on a single 
analytical perspective, and sycophantic drift, namely the tendency of AI systems to orient their judgments towards the user’s 
implicit expectations rather than towards an objective assessment [2]. 
The tradition of structured analysis, developed within the field of intelligence analysis [3], has produced procedural techniques 
for containing these biases: Key Assumptions Check (KAC), steelmanning, and typological fragility classification. C.A.R.E. proposes 
to apply these techniques systematically to LLM-assisted analysis, integrating them with a deterministic combinatorial engine 
that aggregates the judgments of different cognitive archetypes in a traceable and auditable manner. 

C.A.R.E. is positioned as a structured diagnostic orchestration tool for qualified analysts, not as an autonomous decision-making 
engine. The framework’s value proposition does not consist in claiming judgments epistemically superior to those of an expert 
evaluator (a claim that would require empirical validation not yet available), but rather in transforming evaluative judgment into 
a structured, traceable, and auditable process: the decomposition into four archetypes forces the explicit statement of 
assumptions, separates the dimensions of analysis, renders reconstructable the path leading to the outcome, and introduces a 
redundancy of checks that reduces exposure to individual evaluator error. The resulting CE Rating constitutes a structured 
indication relative to the specific query performed; responsibility for the final decision remains with the qualified operator. 

The framework is conceived as a domain-agnostic assessment architecture: archetypal decomposition and the combinatorial 
engine operate identically on any textual construct. Credit risk is adopted as the elective case study, owing to the sector’s  
documentary complexity, the stringent auditability and traceability requirements imposed by the regulatory framework 
(EBA/GL/2020/06 [4], GDPR Art. 22, AI Act [5,6]), and continuity with the author’s earlier work, without this restricting the scope 

 
1 The opinions expressed in the present work are attributable exclusively to the author. The methodological framework described is the result 
of independent research and is not based on confidential databases or third-party know-how. The CE Rating constitutes a structured decision-
support indicator, not a validated probabilistic measure. Responsibility for the final judgment remains with the operator. 
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of the architecture: reconfiguration for other domains is discussed in Sections 3.4 and 7.2, and the applied cases in Appendix A 
deliberately include the academic domain as well. 

This framework stands in methodological continuity with the author’s earlier work [1] on multi-model credit rating systems for 
Italian SMEs, which first applied the D(n,k) = n^k architecture as an aggregation tool with temporal memory. The paper 
transposes the same combinatorial logic from quantitative scoring to epistemological judgment, replacing the scores of financial 
models with the outputs of cognitive archetypes. 

1.2) The Principle of Positional Invariance in the D(3,4) Engine 
The core of the combinatorial engine is the preservation of positional identity within the judgment vector. In the symmetric 
aggregation of judgments (for instance, compressing results into combinatorial profiles with no memory of position), a critical 
piece of information is lost: which archetype issued a negative judgment. Consider two arrangements: [A,E,A,A] and [A,A,E,A], 
where A denotes a judgment of full admissibility and E an exclusionary judgment carrying veto effect (the complete taxonomy is 
defined in Section 3.1). In a symmetric system, both would produce the same profile, {3×A, 1×E}, with an identical aggregate 
score. In the asymmetric D(3,4) engine, by contrast, the two arrangements are categorically distinct. 
In the vector [A,E,A,A], the veto occupies the I2-Substantive position, which in the credit assessment domain corresponds to the 
theoretical core of the business plan or the conceptual soundness of the transaction. A veto in this position signals that the 
construct’s fundamental content is flawed, regardless of the excellence of its formal documentation or contingency plans. In the 
vector [A,A,E,A], the veto occupies the I3-Analytical position, which corresponds to the robustness of the quantitative data and 
numerical consistency: a falsified or inconsistent figure invalidates the entire empirical basis. Both produce CE-5 REJECTED, but 
the identity of the archetype in veto is preserved in the summary report accompanying the verdict, enabling radically different 
operational prescriptions. This property, positional invariance, is the fundamental structural contribution of the D(3,4) 
architecture. 

1.3) Related Work and Positioning 
The use of language models as evaluators (the LLM-as-judge paradigm) is now an established practice for the automated, 
scalable assessment of textual outputs, but it is known to suffer from prompt sensitivity and from the systematic biases of the 
single judge, including positional bias, namely the distortion induced by the order in which options are presented to the model 
[11]. 
To contain single-judge biases, the recent literature has followed two main directions. The first is the aggregation of multiple 
models: the Panel of LLM evaluators (PoLL) shows that a set of smaller models drawn from disjoint families outperforms a single 
large judge and reduces its intra-model bias at significantly lower cost [9]. The second is multi-agent interaction with 
differentiated roles and discussion, as in ChatEval [10] and in architectures inspired by judicial proceedings with explicit roles. 

C.A.R.E. stands in continuity with the first direction (vendor heterogeneity as a safeguard against shared bias) but departs from 
it on three planes. (i) Non-compensatory aggregation rather than majority voting or averaging: an asymmetric veto tree prevents 
a flaw in the substantive or analytical core from being offset by excellence elsewhere, following a logic proper to risk assessment 
rather than to generative evaluation. (ii) Isolation rather than debate: the archetypes do not interact; this choice is supported 
by the observation that debate-based architectures tend to amplify biases as early as the first round, whereas non-interactive 
forms of aggregation resist them better [12]. (iii) Determinism and traceability by construction: positional invariance (not to be 
confused with the positional bias cited above, a distinct and undesirable phenomenon) preserves the identity of the archetype 
that issued each judgment, making the dimension that triggered the outcome always identifiable, consistent with the 
explainability and traceability requirements formulated by the regulator for risk models [4]. 

One design choice warrants explicit justification: why aggregate the judgments through a deterministic combinatorial rule rather 
than through a meta-judge, that is, a further language model tasked with synthesising the archetypes’ judgments into a final 
verdict. The deterministic rule offers four advantages specific to the application context. First, reproducibility: given the same 
input votes, the outcome is identical and verifiable, whereas a meta-judge is a non-deterministic, prompt-sensitive LLM call. 
Second, the absence of a new single point of failure: a meta-judge reconcentrates in the aggregation stage the very biases and 
sycophantic drift that the multi-vendor panel had diluted, since a single model once again decides the outcome. Third, 
auditability of the aggregation logic: the mapping of votes into zones and CE Ratings is an inspectable, formally verifiable rule, 
whereas a meta-judge’s reasoning is an unverifiable, variable natural-language rationalisation. Fourth, a non-compensatory 
guarantee by construction: the rule ensures that a fatal flaw (I2 = E or I3 = E) cannot be overridden, whereas a meta-judge, being 
a generative model, could be induced to compensate for it. The price of this choice is forgoing the meta-judge’s capacity to 
weigh the content and intensity of the underlying reasoning and to handle borderline cases with greater finesse: a deliberate 
trade-off, since in a regulated decision-support context reproducibility and explainability are not optional properties but 
requirements, and a heuristic yet fixed and auditable rule is preferable to an adaptive yet opaque arbiter. 

As for the sycophantic drift the framework aims to counter, the phenomenon is documented in the primary literature (Perez et 
al. [7] and Sharma et al. [2], who traced its origin to biases in the human preference data used in training) and synthesised in 
dedicated surveys [8]. A recent reformulation proposes replacing the category of sycophancy with that of complacency: not a 
flattering intent, which models cannot possess, but a structural property (the tendency to accommodate the user’s framing in 
the absence of corrective pressures) rooted in the training data and in reward signals that favour agreement [17]. The distinction 
reinforces the motivation for this work: if complacency is structural, containing it requires architectural countermeasures that 
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introduce epistemic friction into the evaluative process, rather than targeted fixes to the individual model. From this perspective, 
the isolation of the archetypes, mandatory steelmanning, the non-compensatory veto, and the convergence monitoring (ICA) 
adopted by the present framework constitute operational forms of such friction. 

Evidence from 2025-2026 strengthens these choices on two fronts: aggregation by majority voting can produce incorrect 
outcomes even when the individual evaluators express correct judgments [18]; and deliberation among agents shows a 
progressive loss of factual elements and a homogenisation of positions [19], confirming with quantitative evidence the 
observation on bias amplification in debate architectures [12]. The portability of the protocol to agent-based architectures is 
addressed in Section 7.5. 

The main methodological challenge shared with the entire research strand remains open: the transition from the qualitative 
judgment of the individual archetype to the discrete vote {A, Rv, E} is not yet formalised in a standardised rubric, and the apparent 
exactness of the combinatorial engine must not be mistaken for empirical validity of the verdict (a mathwashing risk). Defining 
such a rubric and validating the framework on a sample with verifiable outcomes constitute the priority agenda (Section 7.2). 

1.4) Comparison with the Unstructured Baseline 
A direct question the framework must address is how it differs from the most immediate and widespread approach: opening 
several independent chat sessions with a language model, pasting the same document into each (for instance, a set of financial 
statements in PDF format), asking for an opinion, and then synthesising the responses. We define this procedure the 
unstructured baseline. The comparison with it clarifies C.A.R.E.’s added value on five planes; it should be stated from the outset 
that this is a structural comparison, not an empirical one: the sample-based demonstration of greater reliability relative to the 
baseline is formalised as Objective 3 of the validation roadmap (Section 7.2) and is not claimed here as established. 
First, imposed structure versus redundancy. Several sessions queried with the same generic prompt produce largely overlapping 
analyses: the model tends to cover the same salient aspects, generating redundancy rather than complementary coverage of 
the dimensions of judgment. C.A.R.E.’s archetypal decomposition instead requires each instance to examine a distinct, 
predefined dimension (procedural, substantive, analytical, resolutive), separating by construction what the baseline leaves to 
chance overlap. 

Second, deterministic aggregation versus subjective synthesis. In the baseline, the reconciliation of diverging opinions is 
entrusted to the operator’s subjective judgment, weighing and combining the responses with no explicit rule; the outcome is 
not reproducible and depends on who reads them. In C.A.R.E., aggregation is a deterministic function of the arrangement of the 
votes: given the same votes, the outcome is identical and verifiable, and the mapping logic is inspectable. 

Third, a non-compensatory guarantee. The baseline has no mechanism preventing a positive opinion on formal aspects from 
diluting a serious finding on the substantive core: subjective synthesis can, even unintentionally, compensate for a fatal flaw. 
C.A.R.E.’s asymmetric veto tree structurally prevents this compensation (Section 3.3). 

Fourth, resistance to anchoring on the metrics presented. A generic session tends to accept the document’s presentation as an 
expression of its intrinsic value, anchoring on the indicators that the document itself highlights. The isolation of the archetypes 
and the obligation for each to make its own assumptions explicit through the Key Assumptions Check instead force scrutiny of 
what the presentation leaves in the shadows. This is particularly relevant in the credit domain, where the selective presentation 
of indicators is a documented source of opacity [16]. 

Fifth, traceability and auditability of the decision. In the baseline, and particularly in its single-instance form entrusted to a 
generative AI, the outcome reported to the user leaves no reconstructable trace of the path that produced it: what is decided 
and communicated is not auditable, and the sequence of judgments leading to the conclusion remains implicit in the model’s 
generation. C.A.R.E. instead preserves full tracking (which archetype issued which vote, the resulting arrangement, the zone it 
belongs to, and the deterministic rule deriving the verdict from it), rendering both the outcome and the way it was reached 
inspectable after the fact. This property aligns directly with the regulatory requirements for outcome traceability and for the 
explainability of automated decisions (GDPR Art. 22, AI Act Arts. 12-13 [5,6]). 

An honest caveat closes the comparison: none of these five points demonstrates that C.A.R.E. produces better judgments than 
the baseline on a real sample. They establish that its architecture imposes a reproducible, auditable, non-compensatory 
multidimensional examination where the baseline produces opinions that are unstructured, not objectively aggregable, and 
untraceable. Direct empirical verification (against the unstructured baseline and against the majority vote of an ensemble) is 
Objective 3 of Section 7.2. 

1.5) Integration with Quantitative Methods and the Logic Layer Role in Hybrid Architectures 
The framework is not conceived exclusively for the credit domain: it assesses complex constructs of any nature, as anticipated 
in Section 1.1. Credit is the domain for which the default configuration is calibrated and the context in which the relationship 
with established methods is most immediate to illustrate. In that domain there exists a mature family of quantitative methods: 
scoring models based on logistic or probit regression, which estimate the probability of default from financial variables, and 
Merton-type structural models, which derive insolvency risk from the market value of assets and their volatility. C.A.R.E. does 
not belong to this family and does not compete with it: it estimates no probability of default and produces no actuarial score; its 
role, described below, is logical and architectural in nature. 
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C.A.R.E.’s relationship with these methods is not that of a subordinate qualitative complement, but that of a deterministic Logic 
Layer. The D(n,k) combinatorial architecture comes from the author’s earlier work [1], where it operates as a deterministic 
scoring and aggregation engine: from the determination of the annual score, through the two-year normalisation of each model’s 
score, to the consolidation of the five two-year scores into a single quantitative score. That same work already envisages its use 
as a logical verification layer within hybrid AI architectures, with non-compensatory constraints (hard stops) that a weighted 
average cannot represent: for instance, a forced downgrade in the presence of bad loans reported in the Central Credit Register, 
even against a favourable quantitative score. C.A.R.E. implements that prospect and extends it: it brings the archetypes’ 
qualitative judgments into the logical level and encodes the non-compensatory logic in the asymmetric veto tree. The integration 
is therefore structural and hybrid (neuro-symbolic in nature), not the addition of a qualitative opinion alongside the quantitative 
model: the quantitative or machine learning model produces an estimate, and the combinatorial engine acts as a layer of 
constraints and traceability above that estimate, whatever the nature of the input. 

The value of this function emerges clearly when the two planes diverge. Consider a real, concluded case: the collapse of Carillion 
plc, documented in the public record [16]. Until the first profit warning of July 2017 (six months before the insolvency of January 
2018), market capitalisation remained at still-sustained levels: a Merton-type model, fed by the market value of equity, would 
not have signalled severe distress, because the market itself had not yet priced the risk. A Logic Layer equipped with hard stops, 
fed by structural signals readable in the published financial statements (dividends distributed against contracting cash, goodwill 
not written down despite recurring losses at the acquired businesses, indebtedness presented through favourable management 
metrics), could have imposed a downgrade that the excellence of the market signal could not offset. This is the guardrail function, 
not that of a second opinion placed alongside the model. It should be made clear that the example is a retrospective illustration 
of the concepts of divergence and hard stop, not a demonstration that the framework would have flagged the failure 
prospectively: it clarifies why a non-compensatory logical layer is informative when the quantitative signal is silent, but it does 
not constitute evidence of predictive capability (an experimental application of the framework to a document derived from the 
same case, anonymised and submitted blind to three comparison conditions, is documented in Case E of Appendix A). 

The claim stops here, and deliberately so: asserting that C.A.R.E. predicts default better than a calibrated model would be 
groundless, since the framework is not validated on verifiable outcomes (Section 7.2). What it offers is the traceable, non-
compensatory formalisation of the logical level of judgment (whether quantitative or qualitative) historically entrusted to the 
analyst’s unstructured experience. 

2) System Architecture 

The framework described in this section is not a purely theoretical specification: it has been implemented in a working application 
that executes its combinatorial engine and collects the judgments of the four archetypes according to the operating modes 
defined in §2.3. In Multi-model mode, collection is manual: the operator queries the models assigned to the archetypes in 
sessions that are independent of, and external to, the application, and transcribes their judgments into the interface, which 
associates them with the declared model label and transmits them to the aggregation engine. The application thus functions as 
a structured collector and a deterministic executor of the verdict, not as an automatic orchestrator of calls to providers. The 
archetypal system prompts are not drafted ad hoc for each assessment: the application generates them through a uniform 
parametric procedure that imposes on each archetype an exclusive focus on its own dimension and incorporates steelmanning 
in the modes that call for it. The procedure further includes declared escalation rules: for I3-Analytical, numerical inconsistencies 
beyond a threshold mandate an E judgment; for I2-Substantive, a safeguard for evaluative symmetry operates on content 
concerning AI systems (see Case D, Section A.3, for an empirical illustration). Given the same submitted document and 
configuration, the prompts generated for each archetype are identical: the archetypes’ behaviour is therefore governed in part 
by explicit, reproducible rules and in part left to the judgment of the underlying model. The engine’s logic is verified by exhaustive 
enumeration (§5.1), but correct software execution is not equivalent to empirical validation of the quality of the judgments 
(§§7.1, 7.3). The application, also used to produce the outputs in Appendices A and B, is described for reproducibility purposes 
in the Declarations and does not constitute part of the methodological contribution. 
 

2.1) The Four Cognitive Archetypes (Layer L1) 
The framework’s analytical core decomposes each instance into four cognitive archetypes, implemented as operational LLM 
instances with specialised system prompts, mutually isolated during the judgment phase: 
 

Archetype Code Domain of Assessment 

Procedural I1 Formal consistency, regulatory or methodological constraints, completeness of prerequisites, 
integrity of the stated intent. 

Substantive I2 Intrinsic value of the theoretical or strategic core, conceptual soundness, degree of innovation; in 
ontological isolation from formal shortcomings. 

Analytical I3 Numerical robustness, consistency of quantitative data, parametric granularity, detailed 
decomposition. 

Resolutive I4 Contingency plans, operational redundancy, risk mitigation strategies. 
 

Table 1: The four cognitive archetypes of Layer L1. No archetype has access to the judgments of the others during the L1 phase. 
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2.2) Structured Output per Archetype 
In addition to the judgment Gᵢ (the judgment issued by the i-th archetype on the scale defined in Section 3.1), each archetype 
produces four mandatory blocks: 
- KAC (Key Assumptions Check): classification of implicit assumptions as S (Supported) / C (Conditional) / U (Unsupported), with 

explicit disclosure of the U count and a warning flag if ≥2 central assumptions are unsupported. 

- Fragility type: STRUCTURAL (alters the overall design; warrants E if unrecoverable, Rv+ if recoverable) / OPERATIONAL (Rv or 

Rv+) / SUPERFICIAL (Rv). 

- Operational prescription: a concrete action in no more than 60 words, or broken down into numbered steps. 

- Reasoned judgment: an argument supported by evidence of strengths and weaknesses, developed in isolation from the other 

archetypes. 

In full-depth analysis configurations (Full) and, optionally, in the standard configuration (depth levels selectable in the 
implementation, Section 2): Steelmanning, namely the strongest possible case against the judgment issued, as a maximum-
resistance stress test. 
 

2.3) Operating Modes: An Explicit Hierarchy 
The system provides for three operating modes with differentiated epistemic validity, which are not interchangeable for the 
purposes of binding decisions: 
 

Mode Configuration Epistemic Validity Appropriate Use 

1 - Manual The operator directly 
enters the four 
judgments 

Full (complete human-in-the-loop) High-impact analysis, binding 
decisions in regulated 
contexts 

2 - Collaborative 
Multi-model 

≥2 LLMs from neurally 
independent vendors 

Supports binding decisions with a qualified 
operator (human-in-the-loop); minimum 
recommended configuration in regulated 
contexts 

Operational analysis, 
compliance, underwriting, 
academic review 

3 - AI Single-
instance 

1 LLM for all archetypes; 
architectural, not 
neural, isolation 

EXPLORATORY / TRIAGE: CE Rating disabled Preliminary exploration, 
training, initial triage. Not 
suitable for binding decisions. 

 

Table 2: Hierarchy of operating modes.  
 
Note: In Single-instance mode, a single LLM populates all four archetypes: isolation is architectural (differentiated system prompts), not neural. If the model is 
systematically biased towards approval or rejection, that bias propagates consistently across all prompts, producing artificial convergence indistinguishable from 
genuine unanimity. For this reason, the CE Rating is disabled in this mode as a binding operational output. 

 
Operational note: CE Rating in Single-instance mode. Output is limited to per-archetype KAC and non-binding prescriptions, with 
a mandatory DEMO/EDUCATIONAL ONLY watermark. To obtain an operational CE Rating, select Collaborative Multi-model mode 
(≥2 neurally independent LLM vendors) or Manual mode (complete human-in-the-loop). The Multi-model requirement calls for 
access to multiple APIs: this represents a real operational barrier for most individual uses, one that should be acknowledged 
rather than understated. 
 
This variability gives rise to an operational recommendation for high decision-relevance contexts: subject the document to 
multiple independent runs and adopt the prevailing verdict (a majority vote across the CE Ratings obtained), rather than relying 
on a single run. The number of runs is left to the operator’s judgment, depending on the criticality of the decision and on cost 
and time constraints. This practice does not eliminate the models’ stochastic variability, but it does attenuate its effect on the 
final verdict. 

3) The Mathematical Engine: D(3,4) = 3⁴ = 81 Arrangements 
 

3.1) The Judgment Space and the Positional Vector 
The judgment space is defined as the discrete set G = {A, Rv+, Rv, E}, where A = Admissible, Rv+ = Qualified Revisable (material 
anomaly), Rv = Revisable (reservation), E = Excluded / Veto Active. Rv+ is a qualification of Rv for diagnostic purposes (§4.1) and 
does not constitute a fifth state of the combinatorial engine, which operates on the three base states {A, Rv, E}. Each archetype’s 
judgment constitutes one coordinate of the four-dimensional, positionally invariant vector: 
v = (Gₚ, Gₛ, Gₐ, Gᵣ) ∈ {A, Rv, E}⁴ 

where Gₚ = I1-Procedural, Gₛ = I2-Substantive, Gₐ = I3-Analytical, and Gᵣ = I4-Resolutive. Position within the vector is not 
interchangeable: [A,E,A,A] and [A,A,E,A] are distinct epistemic states with categorically different operational implications. 
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Alongside the judgment space sits a meta-vote of abstention, NV (Not Assessable), which does not belong to the combinatorial 
space {A, Rv, E} and does not enter into the calculation of the 81 arrangements. NV is the correct response exclusively when a 
judgment is formally impossible owing to defects in the input (an absent, unreadable, corrupted, or transmission-truncated 
document, or one that is categorically irrelevant in its entirety to the task requested), and it is distinct both from Rv (recoverable 
uncertainty about content that is present) and from E (exclusion for an ascertained, substantive defect). The operative criterion 
is the input test: one asks whether the judgment would be possible had the input arrived intact and legible. If the answer is yes, 
abstention is not permitted, because the defect concerns the content rather than the input; abstention is legitimate only when 
even an intact input would not make the judgment possible. The absence, within the document, of content that an archetype 
considers necessary to its own dimension (contingency plans, quantitative support, prerequisites) is not grounds for abstention 
but an assessable shortcoming of the construct, to be voted Rv if it can be supplemented or E if it is fatal to the domain: NV 
judges the state of the input, never the state of the construct. The presence of even a single NV does not produce a verdict but 
a state of incomplete assessment: the system suspends the calculation, flags which archetypes were unable to judge, and 
requires the input to be reinstated before proceeding. This safeguard prevents the impossibility of assessment from converting 
into a substantive veto, a structural risk discussed in Section 7.1. 

3.2) Primary Formula: Arrangements with Repetitions 
Consistent with the D(n,k) = n^k methodology developed in [1] for multi-model credit scoring, with n = 3 primary judgment states 
{A, Rv, E} and k = 4 archetypes, the total space of ordered arrangements is: D(3,4) = 3⁴ = 81 ordered arrangements 
This is the engine’s primary formula. Each of the 81 arrangements constitutes a single epistemic state of the vector v. The 
combinatorial structure inherits from the original architecture [1] the capacity to distinguish configurations that a simple 
weighted average compresses into the same numerical value; it adds to this a sensitivity to position: arrangements with an 
identical class composition but a different order map to different zones and prescriptions, whereas in the original system 
classification operated on class frequencies, indifferent to order. 

3.3) The Asymmetric Decision Tree: Four Zones 
The 81 arrangements are partitioned into four asymmetric zones through a cascading decision tree. The cascading architecture 
imposes a rigid, descending priority: Hard Veto prevails over Soft Veto, which in turn prevails over Fluctuation, down to 
Consensus, which occupies the lowest rung. No compensation is possible between zones: an arrangement in Zone 1 cannot be 
converted to Zone 4 by the excellence of the other archetypes. 
 

Zone Decision Rule Arr. CE 
Rating 

Outcome 

1 - Hard Veto Gₛ = E or Gₐ = E 45/81 CE-5 Rejected: no compensation admitted 

2 - Soft Veto Gₚ = E or Gᵣ = E (with Gₛ ≠ E, Gₐ ≠ 
E) 

20/81 CE-4 Suspended: remediable through formal 
correction 

3 - 
Fluctuation 

No E present; at least one Rv or 
Rv+ 

15/81 CE-1/2/3 Admitted with reservation, or supplementary 
review 

4 - Consensus [A,A,A,A] 1/81 CE-1 Validated: archetypal unanimity 

 
Table 3: Partition of the 81 D(3,4) arrangements into four asymmetric zones. The partition is verified by exhaustive 
enumeration: 45+20+15+1 = 81. The cascading decision tree guarantees hierarchical prevalence without exception. 

 

Positional invariance: operational implications. Consider three arrangements with an identical class composition but a different 
order: [A,E,A,A], [A,A,E,A], and [E,A,A,A]. In a symmetric aggregation system (which counts only class frequencies regardless of 
order), all three would produce the same aggregate score. In the D(3,4) engine: [A,E,A,A] → Hard Veto, I2-Substantive (flawed 
theoretical core → CE-5 REJECTED); [A,A,E,A] → Hard Veto, I3-Analytical (falsified figure → CE-5 REJECTED); [E,A,A,A] → Soft 
Veto, I1-Procedural (remediable formal defect → CE-4 SUSPENDED). The first two are both CE-5, but with radically different 
prescriptions: in the first case, intervention targets the conceptual core; in the second, the data base. The third is CE-4, not CE-
5: the formal defect does not invalidate the substantive value. This distinction is possible only by preserving positional identity. 

3.4) The Rationale for the Hard/Soft Veto Hierarchy 
The asymmetric assignment of archetypes to veto levels reflects the risk topology of the assessment domain for which the 
framework is calibrated by default (credit/risk assessment, EBA/GL/2020/06): 
- Hard Veto on I2-Substantive: a flawed theoretical core or a mistaken fundamental thesis cannot be offset by formal excellence 

or robust contingency plans. In credit assessment: a business plan founded on false economic premises constitutes an 

unremediable defect regardless of the quality of the documentation. 

- Hard Veto on I3-Analytical: falsified or inconsistent quantitative data invalidate the entire empirical basis. A discrepancy 

between declared revenues and filed financial statements cannot be offset by any positive element. 

- Soft Veto on I1-Procedural and I4-Resolutive: formal defects (incomplete documentation) or gaps in contingency plans are 

remediable without invalidating the substantive core. The construct is suspended, not rejected. 
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Scope of the default veto. The assignment of Hard Veto to I2 and I3 is a default heuristic calibrated for the credit/risk assessment 
domain. It reflects the specific structure of consequences in that domain and should not be read as a universal law. For other 
domains (academic research, strategic analysis, regulatory compliance), the veto configuration needs to be revisited against the 
domain-specific risk topology. Such reconfiguration concerns not only the weights and thresholds, but also the very composition 
of the Hard veto, namely which archetypes are assigned to it: the assignment of I2 and I3 to the Hard veto is specific to the credit 
domain, and in another domain the set of archetypes carrying a Hard veto may differ. Domain-specific reconfiguration is the 
subject of the empirical validation roadmap (Section 7.2). 

 
4) Auxiliary Indicators 
4.1) IDI - Integrated Deviation Index (Domain-Specific) 
 

The IDI measures the aggregate deviation of the archetypal judgments from the Admissible baseline, with weights differentiated 
by judgment type and by application domain. In summary form: IDI(raw) = the sum of the weights w(Gᵢ) over the four archetypes; 
damping factor δ = max(0.4, 1.0 − 0.15 × nₐ); IDI(damped) = IDI(raw) × δ. 
Weights: w(A) = 0; w(Rv) = 1.0; w(Rv+) = 1.8; w(E) = domain-specific. The damping factor δ reduces the IDI in the presence of 
archetypes with an A judgment, balancing the contribution of areas of excellence. Predefined domain configurations: 

Domain w(E) τ Strict τ Tolerant τ Permissive 

Generic (default) 3.5 2.50 3.20 5.00 

Academic research 2.5 3.00 3.80 5.50 

Pre-credit assessment 4.5 2.00 2.70 4.00 

Strategy and business 3.0 2.50 3.20 4.80 

 
Table 4 - Domain-specific IDI configurations. The value w(E) = 4.5 for the credit domain reflects the risk topology required by 
EBA/GL/2020/06 [4]. All parameters are expert-judgment heuristics without empirical calibration on datasets with verifiable 

outcomes. 
 

The IDI functions as an auxiliary quantitative diagnostic, complementary to the zone-based verdict. In Zones 1 and 2 (Hard and 
Soft Veto) it is computed and traceable but does not modify the verdict: the Hard or Soft Veto represents the binding ceiling. In 
Zone 3, the CE-1/2/3 sub-level is determined by the arrangement score, a deterministic function of the judgment profile (Table 
7), recalibrated where applicable by the penalty associated with Rv+ judgments, while the IDI, concordant with the score as to 
the intensity of the reservations, governs the activation of the Trip Switch when the domain thresholds are exceeded. 

4.2) Trip Switch 
The Trip Switch halts aggregation and forces human review when IDI(damped) exceeds the domain thresholds, or when the veto 
count reaches critical values. In Permissive mode, a single veto requires a manual override with a written justification recorded 
in the session. The Trip Switch does not automatically produce a CE Rating: it signals the need for human inspection before any 
operational use. 

 
4.3) Delta Rule 
The system checks the consistency between the narrative tone of the summary report and the IDI(damped) value, in both 
directions. If IDI(damped) exceeds 3.5 but the archetypal report contains strongly positive terminology, the note “DELTA RULE: 
the tone of the judgment is more generous than the computed IDI” is appended; symmetrically, if IDI(damped) is below 1.5 but 
the report contains strongly critical terminology, the note “DELTA RULE: the tone of the judgment is more severe than the 
computed IDI” is appended. This anti-complacency consistency rule is designed to flag analyses in which the narrative, whether 
optimistic or alarmist, is not supported by the quantitative structure of the judgments. 

 
4.4) ICA - Architectural Convergence Indicator 
The ICA measures the dispersion of the archetypal judgments as a visual trigger for human oversight. It never automatically 
modifies the CE Rating. Its values indicate: 
 

ICA Value Level Condition 

0.85 TOTAL CONVERGENCE |U| = 1: all archetypes agree 

0.65 PREVALENT CONVERGENCE |U| = 2, maximum frequency = 3 

0.45 MODERATE CONVERGENCE |U| = 2, maximum frequency = 2 

0.25 HIGH EPISTEMIC VARIANCE |U| ≥ 3 
 

Table 5 - ICA levels and calculation conditions. The ICA is an oversight instrument, not an autonomous indicator of epistemic 
quality. 
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Each extreme of the scale carries an operational protocol. In the event of high epistemic variance (|U| ≥ 3), the document is to 
be regarded as contested with respect to at least one archetypal dimension: the operator activates a reinforced procedure 
providing for multiple runs with adoption of the prevailing verdict (Section 2.3), targeted re-examination of the divergent 
archetypes and, if the assessment took place in single-instance mode, a switch to Multi-model mode. At the opposite extreme, 
total convergence is not in itself a guarantee of the quality of the judgment. The precautions required at the two extremes are 
different in kind: high variance signals a document on which perspectives diverge, and the response is to re-run and re-examine 
the discordant archetypes; total convergence signals a consensus that must be verified to rule out its being the product of model 
complacency rather than of genuine agreement among independent perspectives. In single-instance mode this verification is 
not possible from within, for the reasons described below, and the only route is to repeat the assessment in Multi-model mode; 
in Multi-model mode, for documents intended for binding decisions, convergence must be confirmed through multiple runs and 
in any case submitted to the human verification provided for by the hierarchy of modes, with attention to the points at which a 
bias shared across vendors could generate an apparent consensus. The dispersion across archetypes measured by the ICA (the 
structural axis, within a single run) is complementary to stability across repeated runs (the temporal axis, Section 2.3): the former 
indicates whether the four perspectives agree on the document, the latter whether the verdict is robust to the models’ stochastic 
variability. A third axis (convergence across different models queried on the same archetype) is envisaged as an extension in 
Section 7.2. 

ICA in Single-instance / DEMO mode. In Single-instance mode, numerical ICA values are suppressed from the user interface: the 
ICA cannot distinguish genuine epistemic convergence from sycophantic convergence when all archetypes share the same LLM. 
A fixed flag replaces the numerical indicator: DEMO MODE - Epistemic convergence not verifiable without neural heterogeneity. 
ICA values remain available in the engine’s internal log for research purposes only. 

5) Implementation and Verification of the Engine 

5.1) Automated Test Battery - Formal Coherence Verification (FCV) 

The engine is verified through an automated test battery, T01–T17 (Formal Coherence Verification, FCV), covering all critical 
configurations, including the NV abstention logic. All 17 tests pass at 100%. The FCV tests confirm that the D(3,4) implementation 
correctly maps each of the 81 arrangements to the zone prescribed by the combinatorial rules, to the CE Rating and to the veto 
type, and that the NV meta-vote correctly suspends the calculation without converting into a veto. The FCV does not validate 
the epistemic quality of the judgments produced by the LLMs: that is the object of the Empirical Validation Roadmap (Section 
7.2). A 100% FCV pass rate certifies correct software implementation, not the framework’s epistemic superiority over simpler 
alternatives. The application of the framework to four test cases (three constructed and one derived from a screened real case), 
in both operating modes, is documented in Appendix A. 
 

Test Configuration Expected Result Outcome 

T01 [A,A,A,A] Score=100, CE-1, Zone 4 - Consensus ✓ Passed 

T02 [A,E,A,A] Score=0, Hard Veto I2-Substantive, CE-5 ✓ Passed 

T03 [A,A,E,A] Score=0, Hard Veto I3-Analytical, CE-5 ✓ Passed 

T04 [A,E,E,A] Score=0, Double Hard Veto I2+I3, CE-5 ✓ Passed 

T05 [E,A,A,A] Score=37, Soft Veto I1-Procedural, CE-4 ✓ Passed 

T06 [E,A,A,E] Score=37, Double Soft Veto I1+I4, CE-4 ✓ Passed 

T07 [E,E,A,A] Hard Veto prevails over Soft, CE-5 ✓ Passed 

T08 [A,Rv,Rv,Rv] Score=72, Zone 3, CE-2 ✓ Passed 

T09 [Rv,Rv,Rv,Rv] Score=58, Zone 3, CE-3 ✓ Passed 

T10 [A,Rv+,A,A] Score=85 (93−8), CE-2, Rv+ penalty active ✓ Passed 

T11 [A,Rv+,Rv+,Rv+] Score=49 (72−23), CE-3 ✓ Passed 

T12 [Rv+,A,A,E] Rv+ disregarded under Soft Veto, Score=37, CE-4 ✓ Passed 

T13 Exhaustive enumeration 81 45 Hard / 20 Soft / 15 Fluct. / 1 Cons. = 81 ✓ Passed 

T14 256 combinations {A,Rv,Rv+,E}⁴ All scores ∈ [0,100], correct vetoType ✓ Passed 

T15 [Rv,Rv+,Rv,NV] Single abstention → incomplete assessment, no veto ✓ Passed 

T16 [A,E,NV,A] NV prevails over E → incomplete assessment ✓ Passed 

T17 [A,Rv,E,Rv] Regression without NV → Hard Veto I3 unchanged ✓ Passed 
 

Table 6 - FCV battery T01–T17. Pass rate: 100% (17/17). T13 performs the exhaustive enumeration of all 81 D(3,4) 
arrangements and verifies the exact partition by zone. T14 extends the verification to the 256 combinations including the Rv+ 

class. T15–T17 verify the NV meta-vote logic: abstention suspends the calculation (T15), prevails over an E veto (T16) and, in its 
absence, leaves the veto cascade unchanged (T17). 
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6) The CE Rating Scale 

The CE Rating (Epistemic Class, CE-1 to CE-5) is the system’s primary output. It derives deterministically from the zone to which 
the vector v belongs and provides the operator with an ordinal classification of the epistemic quality of the construct under 
examination. The scale is ordinal, not metric: CE-2 means structurally superior to CE-3 in terms of epistemic robustness, not a 
numerical measure of the distance between the two levels. 
 

CE 
Rating 

Designation / Label Heur. 
score 

Zone / Origin 

CE-1 EXCELLENCE - Validated 93–100 Zone 4 (Consensus, profile {4A}) or Zone 3, profile 
{3A,1Rv} 

CE-2 HIGH - Approved with reservations 72–85 Zone 3 - profiles {2A,2Rv} or {1A,3Rv} 

CE-3 MEDIUM - Supplementary review 58 Zone 3 - profile {0A,4Rv} 

CE-4 LOW - Epistemic stalemate (Soft 
Veto) 

37 Zone 2 - Soft Veto (20 arrangements) 

CE-5 NULL - Rejected (Hard Veto) 0 Zone 1 - Hard Veto (45 arrangements) 

 
Table 7 - CE Rating scale (CE-1 to CE-5). The centesimal C.A.R.E. Score is retained as a secondary heuristic indicator, always 

qualified as “heuristic score: XX/100” to flag its non-probabilistic nature explicitly. The secondary score does not constitute an 
actuarial measure of risk: it is a diagnostic aid for the operator. 

 

The adoption of the ordinal scale as the primary output responds to a principle of epistemic honesty: the system’s inputs are 
qualitative judgments produced by LLMs. Aggregating them into centesimal scores with decimal places would convey a false 
quantitative exactness, leading the operator to treat the result as a probabilistic measure of risk. The CE-1/CE-5 scale preserves 
the qualitative nature of the analysis and reduces the risk of mathwashing in the decision-making process. 

7) Methodological Positioning and Limits 

Mandatory epistemic positioning. C.A.R.E. is a structured evaluative orchestration framework. It is neither an autonomous AI 

system nor an empirically validated decision engine. Its parameters (IDI weights, Trip Switch thresholds, D(3,4) zone rules) are 

expert-judgment heuristics not calibrated on datasets with verifiable outcomes. The framework is designed to: (a) standardise 

the evaluative process through formalised cognitive decomposition; (b) increase the auditability of decisions (GDPR Art. 22, AI 

Act Arts. 12-13 [5,6]); (c) flag epistemic anomalies through heuristic indicators. It is not designed to replace qualified human 

judgment in high-impact contexts. 

 

7.1) Known Structural Limits 
- Neural pseudo-isolation in Single-instance mode: in this mode all archetypes share the same LLM architecture, the same 

weights and the same training biases. Isolation is exclusively architectural (differentiated system prompts), not neural. The 

resulting diversity is one of role and tone, not of independent cognitive perspective. 

- IDI parameters not empirically calibrated: the weights w(E), w(Rv+), w(Rv) and the Trip Switch thresholds are defined through 

expert judgment, without optimisation on datasets annotated with verifiable outcomes. Empirical calibration is the first objective 

of the roadmap (Section 7.2). 

- ICA not validated as a proxy for sycophancy: the correlation between the statistical dispersion of the archetypes and sycophancy 

(or structural complacency, in the reformulation of [17]) is not empirically demonstrated. The ICA is a visual trigger for human 

oversight, not a calibrated indicator. 

- FCV ≠ epistemic validation: tests T01–T17 verify the correct software implementation of the D(3,4) engine. They do not certify 

that the framework produces epistemically superior judgments relative to simpler alternatives. 

- Two regimes of judgment stability: the application of the framework to test cases has shown that the stability of the verdict is 

not uniform but depends on the nature of the fragility being assessed. On inspectable fragilities (verifiable numerical 

inconsistencies across sections of the same document), the judgment is stable across operating modes and across different 

models. On interpretative fragilities (the severity of a regulatory gap, the untenability of a thesis), the judgment is not stable: the 

same document can receive verdicts diverging by up to three CE Rating levels depending on the mode and on the model assigned 

to the competent archetype. This is the framework’s most significant robustness limit and delimits its perimeter of reliable 

applicability. 

- Quality of the archetype-model assignment: in Collaborative Multi-model mode, the result depends on the quality of the model 

assigned to the archetype most sensitive for the domain. The multiplicity of models does not in itself guarantee results superior 
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to the optimal selection of a single model. For the credit domain, the I3-Analytical archetype requires a model rigorous on 

quantitative data, and the I1-Procedural archetype a model with solid knowledge of GDPR and AI Act regulatory requirements. 

The assignments employed in the present work derive from the author’s expert judgment and are to be regarded as provisional, 

not optimal in an absolute sense. Up-to-date comparative rankings (LM Arena, LiveBench, OpenRouter Rankings) can guide the 

choice, but their rapid obsolescence (rankings shift with every release) makes any static assignment transitory; for this reason 

the application leaves the operator free to configure the model for each archetype. The formalisation of archetype-model 

assignment criteria per domain is an objective of the roadmap. 

- Dependence on the archetypal prompts: in its current form, the framework is inseparable from the specific prompts with which 

it was developed and tested. How much of the result is attributable to the intrinsic quality of the models and how much to the 

formulation of the prompts that query them is an open question, without a consolidated empirical answer, which this work does 

not claim to resolve. The uniform generation procedure (Section 2) guarantees the reproducibility of the prompts, not their 

optimality: this dependence remains a source of uncertainty limiting the generalisability of the observed results. 

- Possible self-referential bias in AI-on-AI assessments: when the assessed document contains claims about the superiority of AI 

systems over human judgment, the model assigned to the substantive archetype may exhibit a tendency not to issue the most 

severe veto on a thesis that concerns it favourably. This is an observation consistent with the sycophancy literature [2], not a 

demonstrated property: it would require systematic replication with different vendors on the competent archetype. The 

redundancy of the four archetypes mitigates the risk, since the blocking of a flawed document can be produced by archetypes 

other than the theoretically competent one. 

- Residual dependence of the abstention category: the judgment space provides for the NV meta-vote (Not Assessable, Section 

3.1) for a precise reason: to prevent an archetype lacking the object to be assessed from being forced to issue E, which the 

engine would treat as a substantive veto. NV attenuates this risk but does not eliminate it, because its activation depends on the 

archetype’s correct self-reporting. Two potential drifts, opposite in direction, can therefore be identified. In the first, a model 

that should abstain issues E anyway on content it was unable to read: the result is a spurious veto, indistinguishable from a 

motivated one. In the second (observed in the tests conducted), the model issues NV in the face of content that is present but 

deficient, converting an assessable shortcoming of the construct into a procedural block of the assessment. The safeguard 

against both is the input test defined in Section 3.1, incorporated into the archetypal instructions; its effectiveness, however, 

remains conditional on the model’s adherence to the instruction. 

- Input integrity constraint: the complementary safeguard acts upstream of the assessment and consists in checking the integrity 

and completeness of the input: the document must be readable text, not a binary file, and must fit within the context window 

of the models employed. A document exceeding that window is truncated, and the missing sections may induce vetoes or 

abstentions that reflect the absence of content rather than a judgment on the merits. The system delimits the length that can 

be submitted and flags when the threshold is exceeded; beyond that limit, however, the document must be split or summarised 

before analysis. Integrity, completeness and legibility of the input are therefore preconditions for the validity of the verdict, not 

mere operational expedients. 

- Run instability: all LLMs exhibit stochastic variability documented as Randomness Inconsistency (same run, different outputs 

due to non-deterministic sampling) and Paraphrase Inconsistency (same content, reformulated prompt, different response) [13]. 

Studies document accuracy variations of up to 15% across identical repeated runs, with gaps of up to 70% between best and 

worst performance [14]. This is not a limitation attributable to the framework: it is a structural property of all LLM systems. For 

binding decisions in Multi-model mode, verification of consistency over at least two independent runs on identical input is 

recommended. An essential distinction follows: the determinism of the combinatorial engine guarantees that, given the same 

votes, the verdict is always identical; it does not guarantee that the same document, re-assessed in a subsequent run, will 

produce the same votes and hence the same CE Rating. Reproducibility is a property of the aggregation engine, not of the end-

to-end system, whose generative component remains subject to the stochastic variability described above. 

- Operational cost of the Multi-model requirement: Collaborative Multi-model mode requires ≥2 neurally independent LLM 

vendors, effectively excluding the majority of individual contexts without access to multiple APIs. The framework in its full 

operational form is not a low-adoption-barrier instrument. This must be stated, not understated. 

- Iterative epistemic loop: the development of the framework benefited from iterative cycles in which the analytical prescriptions 

were incorporated into the framework’s iterative revisions. This process improves internal consistency with respect to the 

analysis criteria used, but it does not amount to validation by independent reviewers without access to the development 

materials. True validation requires testing on corpora with verifiable outcomes and reviewers not involved in the development 

process. 
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7.2) Empirical Validation Roadmap 
 

Objective Method Success Metric 

1. IDI calibration 
(priority) 

Bayesian optimisation on datasets annotated with verifiable 
outcomes (default/non-default for credit; 
accepted/rejected for research) 

Verdict stability under ±20% parameter 
perturbation; positive correlation 
between IDI and observed outcomes 

2. ICA validation Comparative study: convergence in Multi-model vs Single-
instance mode on an identical corpus 

Empirical redefinition of the ICA 
threshold; correlation with documented 
sycophancy [2] 

3. Comparative 
benchmark 

C.A.R.E. vs a single expert human reviewer; unstructured 
baseline (independent LLM sessions); LLM ensemble with 
majority voting; classical multi-criteria scoring 

Inter-rater Cohen’s κ; precision on 
verifiable outcomes; false positive and 
false negative rates 

4. Case 
extension 

Extension of the Appendix A cases to a broader corpus, in 
both modes, with independent reviewers 

Verification of zone assignments; 
quantification of inter-mode divergence; 
detection of sycophancy patterns 

 

Table 8 - Empirical validation roadmap. Completion of Objectives 1–3 is the necessary condition for promoting the framework 
from a theoretical-engineering proposal to a scientifically consolidated methodology. 

 

To preserve the independence of the validation, the protocol for the four objectives will be pre-registered before execution: 
hypotheses, datasets, success metrics and exclusion criteria will be fixed in advance and made public. The reviewers charged 
with the validation will operate without access to the framework’s development materials and to the documents of the 
preceding phases. This condition is necessary to distinguish external validation from internal iterative refinement: a framework 
that improves against its own developers’ criteria is not thereby validated against verifiable outcomes. In particular, the pre-
registration includes the definition of a discretisation rubric (the taxonomy of defects per archetype and the severity anchors 
mapping the qualitative judgment onto the discrete vote {A, Rv, E}), whose inter-rater and inter-model reliability is itself an 
object of measurement (Objective 1), so as to formalise the currently non-standardised transition flagged in Section 1.3. 

An architectural extension complementary to the objectives listed is the querying of several models in parallel on the same 
archetype, with aggregation of the votes by median. The expected benefit is twofold: reducing the verdict’s dependence on the 
choice of a single model, and deriving, from the distribution of votes across the models queried, a confidence indicator for each 
archetype (a third, technological axis of dispersion, complementary to the two described in Section 4.4). A judgment on which 
the models converge has a different epistemic weight from one on which they are uniformly distributed across the classes. The 
additional cost in time and calls leaves this choice, too, to the operator’s judgment, depending on the criticality of the decision. 

7.2.1) Protocol for Objective 3 - Comparative Benchmark 
Objective 3 is the linchpin of the validation: it establishes whether the structuring introduced by C.A.R.E. produces a measurable 
advantage over simpler alternatives. The protocol compares five conditions on the same corpus of documents with verifiable 
outcomes (for instance, credit files with a default/non-default outcome known ex post, or academic works with an 
accepted/rejected outcome). The five conditions are: (a) C.A.R.E. in Multi-model mode; (b) C.A.R.E. in single-instance mode; (c) 
the unstructured baseline; (d) an LLM ensemble with majority-vote aggregation; (e) the judgment of an independent expert 
reviewer, as the human reference. The unstructured baseline is understood as independent LLM sessions queried with a neutral 
request on the same document. 
Procedure. Each document is submitted to the five conditions independently: the assessors are blind to the true outcome, and 
each condition operates without access to the judgments of the others. The two C.A.R.E. configurations (single and multi) employ 
the same archetypal prompts, so that the comparison isolates the effect of structure and neural heterogeneity rather than that 
of the prompt. To neutralise the run instability discussed in Section 7.1, each automated condition is repeated over at least two 
independent executions on identical input, recording the inter-run variance. All executions and intermediate outputs are logged 
to allow the audit of each condition’s decision path. 

Metrics. The following are measured: inter-rater agreement between each condition and the expert panel via Cohen’s κ; 
precision against the verifiable outcomes; false positive and false negative rates, with particular attention to false negatives on 
structural flaws, the most costly error class in credit; inter-run stability; and an undue compensation rate, namely the frequency 
with which a fatal flaw is absorbed by positive signals in the conditions lacking non-compensatory logic. 

Pre-registered hypotheses. The directional hypotheses, fixed before execution, are: (i) C.A.R.E. Multi-model exhibits a false 
negative rate on structural flaws no higher than the unstructured baseline and the majority-vote ensemble; (ii) Multi-model 
mode is more stable inter-run and less permissive than single-instance mode, consistent with the directionality already observed 
in Appendix A; (iii) no automated condition outperforms the expert reviewer on the verifiable outcomes, since the framework is 
not intended to replace them. The failure of any one hypothesis is an informative outcome and activates the recalibration plan 
of Section 7.4. 
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Success thresholds. The directional hypotheses are accompanied, at pre-registration, by quantitative thresholds that make their 
falsifiability clear-cut. Agreement with the expert panel is considered sufficient at κ ≥ 0.60 (substantial agreement according to 
current conventions on the interpretation of Cohen’s κ), with κ ≥ 0.80 as the target for strong agreement; the inter-run stability 
advantage of Multi-model mode is deemed significant if the dispersion of CE Ratings across repeated executions is lower than 
that of single-instance mode to an extent not explainable by sampling variability alone; the false negative rate on structural flaws 
is subject to a predefined ceiling, whose breach constitutes failure regardless of the other metrics, owing to the cost asymmetry 
of this error class in the credit domain. The definitive point values, together with the sample size required for statistical power, 
are fixed in the pre-registered protocol; their adoption in advance prevents the post hoc selection of thresholds as a function of 
the observed results. 

7.3) The Relative Nature of the CE Rating and the Role of the Expert User 
The CE Rating produced by C.A.R.E. constitutes an internal evaluative indication for the operator, not an external certification of 
the assessed document. Every output is relative to the specific query performed: the LLM instance used, the run, the prompt 
configuration, the selected domain and the time of execution. The same document submitted in a different run, with a different 
model or by a different operator, may produce a different CE Rating. As discussed in Section 7.1, this is not a limitation 
attributable to the framework: it reflects a documented structural property of all LLM models. 
The D(3,4) = 81 combinatorial architecture is instrumental: it provides an ordered, traceable and positionally invariant channel 
for aggregating the archetypal judgments into a structured indication. The CE Rating is an indication, not a truth. The judgment 
of the expert user remains primary and irreplaceable. C.A.R.E. is a decision-support instrument, not a decision-making 
instrument. 

The downgrading of Single-instance mode to DEMO/EDUCATIONAL represents a temporary conservative choice, not a 
permanent limitation. In the regulated market (banks, credit assessment, EBA compliance), conformity with the NIST and EBA 
frameworks [15, 4] is mandatory. A system issuing automatic vetoes on stochastic LLM inputs, without a documented human-
in-the-loop, cannot be deployed in contexts subject to AI Act Art. 13, GDPR Art. 22 and EBA/GL/2020/06. Compliance does not 
derive from the multiplicity of models but from the operator’s presence in the decision loop: even in Multi-model mode the CE 
Rating remains a supporting indication, and the binding decision is taken by the qualified operator, as provided in Section 2.3. 
The neural heterogeneity of Multi-model mode attenuates shared bias, but does not replace the human-in-the-loop safeguard 
required by the regulatory framework. In the non-regulated market (strategic analysis, academic assessment), the operational 
perimeter of Single-instance mode can be extended, without touching the architecture, upon completion of Objectives 1–4 with 
empirical data demonstrating its reliability. The framework’s value resides in the fragility classification language, in the I1–I4 
archetypal decomposition and in the D(3,4) architecture as an instrument of decision traceability: these components are 
independent of the operational perimeter of Single-instance mode. 

7.4) Recalibration Plan and Conditions for Architectural Revision 
The empirical validation described in Section 7.2 may produce outcomes that contradict the framework’s current parameters. 
For this eventuality, the system provides an adjustment procedure articulated on three levels, so that the response to a negative 
outcome is governed rather than improvised. 
- Parameter recalibration. If validation shows a false positive or false negative rate above a predefined threshold (to be set at 

pre-registration, indicatively 15% on either error type), the weights w(E), w(Rv+), the Trip Switch thresholds and the profile 

scores are re-optimised against the annotated dataset, without modification of the combinatorial structure. This is the ordinary 

intervention and does not require revision of the overall design. 

- Revision of the archetype-model assignment. If parameter recalibration does not bring the error rates back within threshold, 

the assignment of models to archetypes per domain is revised, on the basis of the differential reliability results per archetype. 

This intervention, too, leaves the D(3,4) structure unaltered. 

- Architectural revision. Only if the first two levels fail (that is, if no configuration of parameters and assignments produces 

adequate discrimination) is revision of the architecture itself opened. The threshold activating this level is the absence of a 

positive correlation between CE Rating and observed outcomes after full recalibration. In that case the framework must be 

reconsidered in its underlying assumptions, starting from the choice of retaining the fine-grained quantitative layer alongside 

the ordinal CE scale. 

In operation, the system further provides for continuous drift monitoring: the periodic comparison between the distribution of 
the CE Ratings produced and the expected distribution per domain, with automatic flagging when the deviation exceeds the 
control threshold. Drift does not trigger automatic parameter corrections but a human review, consistent with the principle that 
the framework performs no undeclared adjustments. 
 

7.5) Portability of the Protocol to Agent-Based Architectures 
The framework is defined at the level of the protocol, not of the implementation: four functionally distinct archetypes (I1-I4), an 
isolation rule, a constrained judgment format (vote, KAC, fragility, prescription, steelmanning) and a positional, non-
compensatory aggregation rule over the 81 D(3,4) arrangements. The operating mode described in this work - an operator 
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mediating between independent sessions of distinct models - constitutes its reference implementation, chosen for accessibility 
and full inspectability of the process; it is not constitutive of the method. Table 9 documents the correspondence between the 
components of the protocol and the constructs of agent-based architectures, whose industrial standardisation is under way [20]. 
The design of the framework, the case structure and the results presented remain unchanged. 

Protocol component Agent-based construct Effect of the transposition 

Archetypes I1-I4 
(archetypal prompts) 

Specialised agents with role, capabilities 
and input/output schema 

Direct transfer: the archetypal prompts are already 
complete role specifications 

Isolation rule Separate execution contexts enforced 
by the orchestrator 

From procedural discipline to a verifiable 
architectural property 

D(3,4) engine and zone 
cascade 

Deterministic control node Invariant: code, not a language model 

Multi-vendor constraint 
(≥2) 

Model routing by configuration Requirement executable and automatically 
verifiable 

KAC, steelmanning, 
prescription 

Output schemas with validation From instruction to contract: non-compliant 
responses are rejected and re-executed 

Input length limits and 
segmentation 

Document ingestion via standard 
protocols 

An implementation parameter, not a property of 
the method 

Operator Human oversight of the process From transport mediator to judgment supervisor 

 
Table 9 - Correspondence between protocol components and agent-based architecture constructs. The separation between the 

stochastic component (the judgments) and the deterministic component (the aggregation) coincides with the distinction 
between agents and orchestrator: the control point remains deterministic and verifiable by construction. 

 

Two circumstances make the correspondence operational rather than hypothetical. The first is infrastructural: the open 
interoperability protocols between agents and tools, and between agents from different vendors, moved beyond the 
experimental stage in 2026, with documented industrial adoption [20]; multi-vendor orchestration, which in the reference 
implementation requires the operator's manual mediation, is now a platform capability. The second is scientific: the limits of 
majority-based and deliberative aggregations documented in the literature (Section 1.3) [18,19] place the contribution of the 
framework precisely at the level that agent infrastructures do not provide: the judgment aggregation rule and its auditability. A 
regulatory element is added: the requirements set for high-risk systems in creditworthiness assessment - risk management, 
event traceability, meaningful human oversight [5,6] - retain their structure notwithstanding the rescheduling of the application 
deadlines that occurred in 2026; the agentic transposition of the protocol natively produces an event log, a separation of roles 
and a human supervision point. 

The transposition does not resolve the variability of the judgments of the individual models: automating the orchestration does 
not make the stochastic component of the process deterministic, and the stability limits documented in the appendices remain 
valid. It does, however, make practicable what the manual mode renders onerous: the controlled repetition of the same case to 
measure the variance of the judgments, and the extension of validation to samples of adequate size, following the protocol of 
Section 7.2.1. The portability documented here is therefore also the natural execution path of the Empirical Validation Roadmap. 

In summary: (i) nothing in the design changes - roles, judgment format, aggregation rule, zones and cases remain identical; (ii) 
what changes is the execution vehicle, from manual mediation to automated orchestration, with isolation and format constraints 
strengthened because they are enforced by the architecture rather than entrusted to discipline; (iii) the direction is verifiable in 
the present state and consistent with the regulatory requirements of traceability and oversight. The protocol is defined so as to 
outlive its execution vehicle. 

8) Conclusions 

This paper has presented C.A.R.E., a structured evaluative orchestration framework founded on three complementary principles: 
decomposition of the analysis into four isolated cognitive archetypes (I1-Procedural, I2-Substantive, I3-Analytical, I4-Resolutive) 
with structured output (KAC, fragility, prescription, steelmanning); asymmetric aggregation through the D(3,4) engine of 81 
ordered arrangements with positional invariance; and integrated control of epistemic integrity through the domain-specific IDI, 
the Trip Switch, the cascading veto hierarchy, the Delta Rule and the ICA. 
The engine’s fundamental structural contribution is the preservation of positional identity within the judgment vector: 
arrangements with an identical class composition but a different order produce distinct outcomes and prescriptions, as 
demonstrated in Section 3.3. The asymmetric Hard/Soft Veto partition, verified by exhaustive enumeration across all 81 
arrangements, architecturally binds the weight of the veto to the identity of the archetype. 

The CE Rating (CE-1 to CE-5) as the primary output responds to a principle of epistemic honesty: aggregating qualitative 
judgments into centesimal scores with decimal precision would convey a false quantitative exactness on inputs that are non-
metric by nature. The applied cases documented in Appendix A provide an initial comparative check between Single-instance 
and Multi-model modes, with specific diagnostic value for the literature on sycophancy and LLM-assisted assessment. 



 

RISK MANAGEMENT MAGAZINE – Volume 21, Issue 2                       - 87 - 

 

The residual limits (parameter calibration through expert judgment, neural pseudo-isolation in Single-instance mode, and the 
unvalidated ICA) constitute the priority agenda of the Empirical Validation Roadmap (Section 7.2). The framework should be read 
as an architecture of structured critical thinking in transition from theoretical proposal to empirically grounded methodology, 
with the epistemic positioning qualifications stated explicitly in Sections 7.1 and 7.3 and with the recalibration and revision plan 
formalised in Section 7.4. 

The architecture remains domain-agnostic: transposition to other assessment fields requires only the reconfiguration of the veto 
topology and of the domain parameters (Section 3.4), without prejudice to the need for specific validation in each new 
application context. Domain portability is complemented by the portability of the execution vehicle: as documented in Section 
7.5, the protocol is transferable to agent-based architectures without modification of its design, and this transposition 
constitutes the natural execution path of the empirical validation envisaged. 

A concluding clarification on the perimeter of the contribution. What the present work establishes is the correctness of the 
combinatorial engine’s implementation, verified by exhaustive enumeration, and the internal coherence of the architecture. 
What the work does not establish (and does not claim to establish) is that the CE Rating produced corresponds to an objective 
epistemic quality of the assessed document, nor that the decomposition into four archetypes produces judgments superior to 
those of an expert evaluator. The framework’s value, at the current stage, resides in the structuring of the evaluative process, in 
the explicit statement of assumptions, in the traceability of the decision and in the redundancy of checks against individual 
evaluator error. Verifying the correspondence between CE Rating and real quality, on a significant sample with verifiable 
outcomes, constitutes a subsequent and distinct research programme, whose execution is a necessary condition for any claim 
of predictive reliability. 
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Appendix A - Empirical Test Cases 

This appendix documents four empirical tests conducted on the C.A.R.E. framework. Each case was submitted to the system in 
two distinct operating modes: Collaborative Multi-model (four LLM models from neurally independent vendors, one per 
archetype) and AI Single-instance (a single model for all archetypes, architectural isolation through distinct prompts). For each 
case, the following are reported: the context of the request and the document submitted, the results by mode, the differences 
between Multi-model and Single-instance, and the conclusions on robustness and practical validity. 
Methodological note. The documents are constructed to stress distinct zones of the D(3,4) engine and different types of fragility 
(numerical, regulatory, methodological, substantive). The verdicts reported are real outputs of the system in its current 
configuration. The analysis does not compare the outputs against a predefined reference solution: the framework produces a 
structured judgment; it does not measure it against an external truth. The robustness assessment rests on the internal coherence 
of the aggregations, on stability across modes and on the pertinence of the findings produced. 
 

A.1 - Case A: Inconsistency in the Balance Sheet Data 
 

A.1.1 Context of the Request and Document 
A credit analyst submits to the system the development plan of an automotive-sector SME based in Campania, presented in 
support of a credit application. The operator’s request is to verify whether the document withstands critical reading before 
proceeding, with attention to the consistency of the data and the sustainability of the business plan. Selected domain: Pre-credit 
assessment. Benchmarks indicated: EBA/GL/2020/06 and the Altman model for SMEs. 
The document contains an inconsistency in the balance sheet data: the 2024 shareholders’ equity is stated as €2,100,000 in the 
narrative section and €980,000 in the tabular statement, a discrepancy of 114%. The Net Debt to Equity ratio consequently 
moves from the declared 90% to an actual 193%. The remaining sections (profile, development plan, contingencies) are internally 
consistent. 

A.1.2 Results by Mode 
 

Archetype Multi-model Single-instance 

I1 Procedural Rv (Claude Opus 4.8) Rv 

I2 Substantive Rv (Gemini 2.0) Rv 

I3 Analytical E (GPT-4o) E (native Gemini) 

I4 Resolutive Rv (DeepSeek-R1) A 

Arrangement Rv-Rv-E-Rv Rv-Rv-E-A 

D(3,4) Zone Zone 1 - Hard Veto Zone 1 - Hard Veto 

CE Rating CE-5 (Score 0) CE-5 (Score 0) 

 
Table A.1 - Case A, results by operating mode. 

 

A.1.3 Differences between Multi-model and Single-instance 
The two modes converge on the final verdict: Zone 1 (Hard Veto) via I3, CE-5. In both, the I3 archetype identified the 114% 
discrepancy on shareholders’ equity, classified it as a structural violation of informational integrity, and assigned the E vote. The 
difference is limited to the I4 archetype: Multi-model produced Rv, noting that the contingency plans lack quantitative impact 
analysis; Single-instance produced A, deeming them adequate. The divergence on I4 does not affect the verdict, since the Hard 
Veto on I3 prevails under the cascading logic. 
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A.1.4 Conclusions on Robustness 
The case demonstrates the system’s robustness with respect to verifiable numerical anomalies. An objective inconsistency on a 
primary indicator was detected by different models on different architectures, producing the same verdict. The stability of the 
CE-5 across the two modes indicates that, when the fragility is quantitative and inspectable in nature, the result does not depend 
on the operating configuration: discriminating between reliable and inconsistent data is a function on which the framework 
exhibits stable behaviour. The only variability concerns the non-binding judgments, where Single-instance settled on a more 
favourable position. In terms of practical validity, this means that for data integrity checks, among the most relevant functions 
in the credit domain, the system provides a reliable and reproducible outcome, independent of the mode chosen. 
 

A.2 - Case B: AI System with Missing Regulatory Prerequisites 
 

A.2.1 Context of the Request and Document 
The head of the Risk Management function submits a technical proposal for an automated credit scoring system at a regional 
credit institution, to be brought before the IT Committee and the CRO. The request is to identify regulatory or formal blocking 
issues before proceeding, recognising that the system takes automated decisions on natural persons. Selected domain: Pre-
credit assessment. Benchmarks: GDPR Arts. 22 and 35, AI Act Annex III, EBA/GL/2020/06. 
The document describes a technically sound system (an XGBoost + Logistic Regression ensemble, AUC-ROC 0.847, a rollback 
plan) with a fixed-date deployment, but lacking the mandatory regulatory prerequisites: no Data Protection Impact Assessment 
(DPIA, GDPR Art. 35), AI Act compliance declared as in progress, DPO opinion not obtained. 

A.2.2 Results by Mode 
 

Archetype Multi-model Single-instance 

I1 Procedural E (Claude Opus 4.8) Rv 

I2 Substantive Rv (Gemini 2.0) Rv 

I3 Analytical E (GPT-4o) A 

I4 Resolutive Rv (DeepSeek-R1) Rv 

Arrangement E-Rv-E-Rv Rv-Rv-A-Rv 

D(3,4) Zone Zone 1 - Hard Veto Zone 3 - Fluctuation 

CE Rating CE-5 CE-2 (Score 72) 

 
Table A.2 - Case B, results by operating mode. (The Single-instance score is 72, deterministically derived from the {1A,3Rv} 

arrangement; cf. Table 7.) 
 

A.2.3 Differences between Multi-model and Single-instance 
The case produced the largest inter-mode divergence observed across the four tests: a three-level gap, from CE-5 (Multi-model) 
to CE-2 (Single-instance). On I1, the critical archetype, the two modes departed sharply. Claude in Multi-model issued E, 
classifying the missing DPIA as an absolute legal prerequisite, hence a structural fragility. Gemini in Single-instance issued Rv, 
detecting the same gaps but classifying them as operational. On I3 the divergence is wider still: GPT-4o issued E for insufficient 
decomposition of the regulatory requirements, while Gemini issued A, assessing the statistical quality of the predictive model. 
The two I3 archetypes in fact assessed different objects: the analytical depth of the regulatory requirements in the first case, the 
technical quality of the model in the second. 
 

A.2.4 Conclusions on Robustness 
The case exposes the most significant robustness limit to emerge from the tests: on documents whose criticality is regulatory in 
nature, the result depends decisively on the operating mode and on the model assigned to the procedural archetype. The same 
evidence, the absence of the DPIA, produced a total block in one mode and an approval with reservations in the other. Unlike 
the numerical anomaly of Case A, which is unambiguously inspectable, the severity of a regulatory gap requires an assessment 
that depends on the model’s regulatory knowledge and is not stable across configurations. In terms of practical validity, the case 
precisely delimits the framework’s perimeter of use. For high-impact regulatory compliance assessments, Single-instance mode 
does not offer sufficient guarantees: its tendency to classify as operational gaps that are structural can lead to approving 
documents that ought to be blocked. Multi-model mode with at least two independent vendors, and with a model endowed 
with solid regulatory knowledge assigned to the procedural archetype, is the minimum configuration for this class of 
assessments. This is the case providing the strongest empirical motivation for the Multi-model requirement for binding decisions. 
 

A.3 - Case D: A Thesis on the Superiority of AI over Human Judgment 
 

A.3.1 Context of the Request and Document 
A researcher submits a note proposing to replace the human analyst’s judgment with an autonomous LLM in creditworthiness 
assessment, in order to decide whether to cite it in a broader work. The request is to verify whether the thesis holds, in an 
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academic context with operational banking implications. Selected domain: Academic research / Paper. Benchmarks: Sharma et 
al. (2023) on sycophancy, NIST AI RMF, GDPR Art. 22, AI Act. 
The document contains an internal contradiction: it asserts the superiority of LLMs over human biases without providing 
comparative evidence on LLM biases. The empirical evidence is a 73% versus 71% differential over 30 cases from an unpublished 
dataset, statistically non-significant and circular: the reference ground truth is the judgment of the credit committee, itself a 
human judgment. The thesis requires what it does not demonstrate. 

A.3.2 Results by Mode 
 

Archetype Multi-model Single-instance 

I1 Procedural E (Claude Opus 4.8) E (native Gemini) 

I2 Substantive Rv (Gemini 2.0) Rv 

I3 Analytical Rv (GPT-4o) E 

I4 Resolutive E (DeepSeek-R1) E 

Arrangement E-Rv-Rv-E E-Rv-E-E 

D(3,4) Zone Zone 2 - Soft Veto Zone 1 - Hard Veto 

CE Rating CE-4 (Score 37) CE-5 (Score 0) 

 
Table A.3 - Case D, results by operating mode. 

 

A.3.3 Differences between Multi-model and Single-instance 
Both modes denied validation of the document, with different CE Ratings: CE-4 Soft Veto (Multi-model) and CE-5 Hard Veto 
(Single-instance). The most significant finding is shared: neither mode issued E on I2, the archetype charged with detecting the 
substantive untenability of the thesis. In both, Gemini on I2 issued Rv, acknowledging the strength of the analysis of human 
biases and treating the circularity of the benchmark as a recoverable shortcoming. The divergence arose on I3: GPT-4o in Multi-
model issued Rv, while Gemini in Single-instance issued E for radical statistical insufficiency. On I4, both issued E, recognising the 
absence of a substantive human override as a structural shortcoming of the contingency plan. 
 

A.3.4 Conclusions on Robustness 
The case reveals a robustness limit of a different nature from that of Case B. Here the system produced the practically correct 
outcome (the document is blocked in both modes) but through archetypes other than the one the nature of the defect would 
have required. The thesis is flawed primarily in its substantive core, and the substantive archetype (I2) is the only one that never 
issued the veto. The block was produced by the procedural, analytical and contingency archetypes. The fact that two distinct 
configurations employing the same model on the I2 archetype both avoided the substantive veto on a thesis asserting the 
superiority of AI over human judgment is consistent with a hypothesis of self-referential bias in the evaluating model. This is an 
observation, not a demonstration: the finding rests on a single model for the I2 archetype and would require replication with 
different vendors on that archetype. The direction of the evidence is nonetheless consistent with the sycophancy literature. In 
terms of practical validity, the case indicates that the redundancy of the archetypes is itself a safeguard: the presence of four 
independent perspectives made it possible to block a document even when the theoretically competent archetype did not 
activate the veto. 
 

A.4 - Case E: Screened Real Financial Statements with a Known Outcome 
 

A.4.1 Context of the Request and Document 
Unlike the three preceding cases, which were constructed ad hoc, Case E applies the framework to a document derived from a 
real, concluded case: a synthesis of the 2016 financial statements and management report of Carillion plc (the case recalled in 
Section 1.5 [16]), anonymised as “Company X”, condensed within the input length constraint and submitted to the models blind, 
with an operator request identical in form to that of Case A and the Pre-credit assessment domain. The historical outcome is 
known: insolvency in January 2018, roughly thirteen months after the close of the financial statements examined. The models 
had no identifying element of the company or of the outcome. All the data employed come exclusively from the public record 
of the case [16]; the screening consisted in anonymising the company name and condensing the text, without altering the 
economic magnitudes. The case was executed under three conditions on the very same text: Collaborative Multi-model mode, 
with four distinct vendors and an archetype-model assignment identical to Cases A–D; exploratory single-instance mode (native 
Gemini); and the unstructured baseline, with a neutral prompt to eight models in independent sessions: the four vendors 
mirroring the C.A.R.E. configuration (primary baseline) plus four additional vendors (extended baseline). The baseline condition 
thus executes ante litteram, on a single case, conditions (c) and (d) of the protocol of Section 7.2.1. 
 

A.4.2 Results by Mode 
 

The Multi-model run produces Rv-E-Rv-E: Hard Veto via I2, CE-5. The substantive veto is motivated by the failure to write down 
goodwill against the accumulated losses of the acquired subsidiary and by the unrepresentativeness of period-end indebtedness 
relative to the average figure, with the exposure masked through receivables financing: the same findings consolidated in the 
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public record of the case [16]. The analytical archetype, by contrast, verifies internal numerical consistency without detecting 
above-threshold inconsistencies. The contrast with Case A is a mirror image: there the flaw was numerical and the veto came 
from I3; here the numbers are internally consistent and the flaw is substantive. Positional invariance discriminates the locus of 
the flaw in the empirical corpus as well. The Single-instance run recognises the same signals (it cites goodwill, the gap between 
average and period-end debt, receivables financing) but downgrades them to recoverable reservations: the three-CE-level 
divergence replicates the pattern of Case B on a document whose historical outcome falsified the permissive reading, and 
extends the directional deviation (the single-instance mode’s systematic tendency towards more permissive outcomes, 
documented in A.5.3) to three cases out of four. 

 

Archetype Multi-model Single-instance 

I1 Procedural Rv (Claude Fable 5) A 

I2 Substantive Structural E (Gemini 2.0) Rv 

I3 Analytical Rv (GPT-4o) Rv 

I4 Resolutive Structural E (DeepSeek-R1) Rv 

Arrangement Rv-E-Rv-E A-Rv-Rv-Rv 

D(3,4) Zone Zone 1 - Hard Veto Zone 3 - Fluctuation 

CE Rating CE-5 (Score 0) Score 72, CE-2 band (exploratory) 
 

Table A.4 - Case E, results by operating mode (run of 11/06/2026). 
 

A.4.3 Baseline Condition: Eight Models, Neutral Prompt 
 

All eight models detect the principal signals; the final judgments, however, diverge across the entire spectrum: two negative 
opinions and six conditional concessions. The dispersion lies in the classification of severity, not in detection. The R class is 
assigned under a declared rule: R1 grant without reservations; R2 grant with reinforced monitoring; R3 limited facility with 
covenants; R4 not recommended except against collateral; R5 do not grant. 
 

Model (version) Summary Final Judgment R 

Claude Fable 5 Negative opinion: do not grant (except guaranteed self-liquidating) R5 

Gemini 1.5 Pro Negative; unsecured lending not recommended; only guaranteed short-term R4 

GPT-5.5 Adequate with reinforced monitoring (intermediate investment grade) R2 

DeepSeek-V3 Grant short-term with stringent covenants R3 

Grok 4.3 Satisfactory creditworthiness; reliable counterparty to be monitored R2 

Kimi k2 BB+/Ba1: grantable with caution and close monitoring R3 

Mistral Medium 3.5 BBB with reservations: grant with prudence R3 

Meta (Muse Spark) BBB−/BB+ negative outlook: short-term self-liquidating only R3 

 
Table A.5 - Case E, verdicts of the unstructured baseline (11/06/2026). 

 

An operator aggregating these opinions with the rules available in practice would arrive at the outcomes of Table A.6. Two 
objective observations: the severe judgments in the baseline (individually excellent, one of which contains a cross-check between 
financial charges and average debt absent from the structured runs themselves) are structurally powerless, because no 
compensatory rule makes them prevail; and widening the panel from four to eight models worsens the ensemble outcome, from 
indeterminate to concession. Under compensatory aggregation, more models does not mean more safety. 

 

Configuration Outcome 

Baseline - majority, n=4 (mirrored vendors) 2–2: indeterminate 

Baseline - majority, n=8 (extended panel) Grant with safeguards (6–2) 

Baseline - ordinal mean/median (R1–R5) R3: limited facility; consensus grade ≈ BBB−/BB+ 

C.A.R.E. single-instance Score 72, CE-2 band (exploratory) 

C.A.R.E. multi-model CE-5: rejection, traceable to I2 = structural E 

Historical outcome of the underlying case Insolvency roughly 13 months after the close of the financial statements 

 
Table A.6 - Case E, outcomes by configuration on the same document. 

 

A.4.4 Impact of the Engine: Aggregation Rules with Votes Held Equal 
 

To isolate the engine’s contribution from the other components, the arrangements realised in the experimental corpus were 
submitted to the aggregation rules in common use, with the votes held equal: symmetric mapping A=2, Rv=1, E=0; declared 



 

RISK MANAGEMENT MAGAZINE – Volume 21, Issue 2                       - 92 - 

 

thresholds ≥1.50 approve, 0.75–1.49 approve with reservations, <0.75 reject; weighted mean with weights 0.2/0.3/0.3/0.2; 
majority on the count of Es; threshold count (reject if ≥2 E); minimum rule (the worst vote governs). 
The three compensatory methods (mean, weighted mean, median) produce the same outcome class on every row, with the 
exception of Case A, where the weighted mean rejects (0.70) while the mean (0.75) and the median (1.00) stop at reservations: 
they are nonetheless merged in the table, with the deviation reported in brackets where present. 
The table establishes four facts. First: on Case A, the compensatory and counting methods approve with reservations a document 
containing a constructed balance-sheet inconsistency: the single E, the competent one, is compensated away; only the positional 
cascade and the minimum rule block. The one exception among the compensatory methods (the weighted mean, which rejects 
by a narrow margin) in fact confirms the point: its outcome depends on the weights assigned to I2 and I3, that is, on an arbitrary 
positional calibration, not on a structural property of the method. 
 

Arrangement 
(case) 

C.A.R.E. D(3,4) Compensatory Majority Count ≥2E Minimum 

Rv-Rv-E-Rv (A, 
multi) 

Rejects CE-5 (I3) Reservations (0.75; wtd. 0.70 
rejects) 

Reservations (1 
E) 

Reservations Rejects 

E-Rv-E-Rv (B, 
multi) 

Rejects CE-5 (I3) Rejects (0.50) Indeterminate Rejects Rejects 

E-Rv-Rv-E (D, 
multi) 

Stalemate CE-4 
(Soft) 

Rejects (0.50) Indeterminate Rejects Rejects 

Rv-E-Rv-E (E, 
multi) 

Rejects CE-5 (I2) Rejects (0.50) Indeterminate Rejects Rejects 

A-Rv-Rv-Rv (E, 
mono) 

Reservations (72, 
CE-2) 

Reservations (1.25) Reservations (0 
E) 

Reservations Reservations 

 
Table A.7 - Aggregation rules with votes held equal on the realised arrangements. Arrangements containing Rv+ are excluded 

for simplicity of mapping. 
 

Second: Case D and Case E multi-model share the same multiset {2E, 2Rv} and the symmetric methods produce identical 
outcomes for the two, while the cascade distinguishes them (remediable CE-4 stalemate versus CE-5 rejection), proving less 
severe on Case D than the other methods: the engine is not uniformly harsher, it is differently structured. 

Third: the minimum rule is a degenerate non-compensatory aggregator: it confirms that blocking requires non-compensatory 
aggregation, but it treats every E as fatal, with no Soft tier and no positional selectivity. 

Fourth: the numerical methods require arbitrary mappings and thresholds whose shifting overturns the verdicts (the mean on 
Case A moves from reservation to rejection by shifting the threshold from 0.75 to 1.05), whereas the cascade has no constants 
to tune at the aggregation stage: the partition of the 81 arrangements is itself the rule, defined ex ante and verified by 
enumeration. 

A.4.5 Decomposition by Configuration and Conclusions of the Case 
 

 Single model Multiple vendors 

Without C.A.R.E. 
structure 

Free response: outcomes from R2 to R5 depending on 
the model 

Indeterminate (n=4) / grants (n=8) / R3 
(mean) 

With C.A.R.E. structure Single-instance: score 72, CE-2 band Multi-model: CE-5, traceable rejection 

 
Table A.8 - Case E, factorial decomposition: structure by vendor multiplicity. 

 

The correct block emerges only in the conjunction cell: what is needed is at least one severe judgment at the structural level on 
a Hard-veto archetype, and an aggregation rule that makes it prevail. The baseline possesses the first without the second; single-
instance the second without the first; the multi configuration both. The multi block is moreover robust to the perturbation of a 
single vote: removing the E on I2, the arrangement Rv-Rv-Rv-E would remain a Soft Veto, CE-4; removing the E on I4, Rv-E-Rv-Rv 
would remain a Hard Veto, CE-5. Approval is unreachable by altering a single judgment: the block is redundant across two 
archetypes and two distinct vendors. 

No rule, the cascade included, repairs permissive judgments: on the votes of the single-instance run, all the rules converge on 
approval with reservations; the engine transmits, it does not correct, consistent with the distinction between functional 
verification and epistemic validation (Section 5.1). 

A.4.6 Methodological Note 
 

(i) In a first execution, the input, lacking the section on risks and going concern, produced the abstention of I4 and the suspension 

of the verdict even though the Hard Veto was already determined: the behaviour of test T16 observed live. Between that 

execution and the one reported, two modifications intervened (the reinstatement of the section in the document and the 
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correction of the NV issuance criterion, Section 3.1), so that no single causal attribution is possible. (ii) The model versions do 

not coincide across conditions: Multi-model with Claude Fable 5, Gemini 2.0, GPT-4o, DeepSeek-R1; baseline with Claude Fable 

5, Gemini 1.5 Pro, GPT-5.5, DeepSeek-V3, plus Grok 4.3, Kimi k2, Mistral Medium 3.5 and Meta (Muse Spark): the comparison is 

at vendor parity, not version parity. (iii) The decisive E on I2 comes from the same vendor that, in single-instance mode, voted 

Rv on the same archetype: the difference on I2 is within-vendor (run or configuration instability, Section 7.1), while the effect of 

heterogeneity is observable in clean form on I1 and I4, and it is I4 that guarantees the redundancy of the block. (iv) All runs are 

of 11 June 2026; the aggregators’ mappings and thresholds are declared in the text. (v) The case is a single one, with an outcome 

known to the experimental design but not to the models: the reading is strictly anti-retrospective and the value is illustrative of 

the mechanism, with no statistical inference; formal comparative verification remains Objective 3 of Section 7.2. 

A.5 - Conclusions on Robustness and Practical Validity 
 

The four cases (three constructed ad hoc and one derived from a screened real case, Case E), submitted in both operating modes, 
allow objective conclusions to be drawn on the framework’s robustness and on the limits of its practical and theoretical validity. 
The conclusions distinguish what the tests establish from what they indicate without establishing. 
 

A.5.1 Robustness of the Aggregation Engine 
 

The D(3,4) combinatorial engine proved robust across all cases. In every test, the arrangement of the four votes was mapped to 
the correct zone and the CE Rating was derived consistently, with no aggregation errors. The asymmetric cascade operated 
without exception, including Case B, in which a double veto on archetypes belonging to different tiers (I1 Soft, I3 Hard) correctly 
produced a Hard Veto. This part of the system (the translation of votes into a verdict) is deterministic and free of variability: it is 
the level at which robustness is full and demonstrated. 
 

A.5.2 Stability of the Judgment: Dependent on the Nature of the Fragility 
 

The robustness of the overall judgment is not uniform but depends on the nature of the defect assessed. The tests identify two 
distinct regimes. Inspectable fragilities (stable regime): when the fragility is numerical and verifiable in nature (Case A), the 
judgment is stable across modes; different models on different architectures produced the same verdict. Interpretative fragilities 
(unstable regime): when the fragility requires an interpretative judgment (the severity of a regulatory gap, Case B; the 
untenability of a thesis, Case D), the judgment is not stable across modes. The same document received verdicts diverging by up 
to three CE Rating levels. In this regime, the result depends on the model assigned to the competent archetype and on the 
operating mode. 
 

A.5.3 Systematic Direction of the Deviation 
 

The deviation between modes is not random but directional. In three of the four cases, Single-instance produced more 
permissive judgments than Multi-model, in particular on the Procedural (I1) and Resolutive (I4) archetypes; in Case E, the 
permissive deviation also affected the Substantive archetype (I2). The single model tends to under-classify the severity of 
procedural gaps and of the absence of contingency plans. This directionality is relevant to practical validity: it indicates that 
Single-instance is not merely noisier, but systematically skewed towards approval. 
 

A.5.4 The Redundancy of the Archetypes as a Safeguard 
 

Case D shows that the system’s robustness does not derive solely from the correctness of the individual archetype. When the 
archetype theoretically competent for a given defect did not activate the veto, the presence of independent archetypes on other 
dimensions nonetheless produced the block. The decomposition into four isolated perspectives is itself a safety mechanism: it 
increases the probability that at least one archetype detects a criticality even when another misses it. This is an argument in 
favour of the theoretical validity of the multi-archetype architecture, independent of the quality of the individual model. 
 

A.5.5 Practical Validity: A Perimeter of Use Delimited by the Tests 
 

The tests precisely delimit the perimeter within which the framework is reliably applicable. For data integrity checks and for the 
detection of quantitative anomalies (a central function in the credit domain), the system provides a stable, reproducible outcome 
in both modes. In this field, practical validity is supported by the data. For high-impact regulatory compliance assessments and 
for judgments on the substantive untenability of a thesis, the system is applicable only in Multi-model mode with independent 
vendors, and with attention to the assignment of the model to the critical archetypes. In these fields, Single-instance mode does 
not offer sufficient guarantees, and its use is appropriate only as preliminary exploration, not as support for binding decisions. 
 

A.5.6 Theoretical Validity and Demonstrative Limits 
 

On the theoretical plane, the tests confirm two of the framework’s theses. The first is that the zone-based CE Rating scale is 
more stable than the centesimal score: in the reflexive application of Appendix B, the two modes agree on the zone but diverge 
by 21 points on the score. The second is that the multi-archetype architecture provides protective redundancy, as shown in Case 
D (A.3). The tests do not, however, authorise the conclusion that the framework produces epistemically superior judgments 
relative to simpler alternatives. They demonstrate that the engine aggregates the votes correctly, that the system distinguishes 



 

RISK MANAGEMENT MAGAZINE – Volume 21, Issue 2                       - 94 - 

 

structural flaws from recoverable fragilities on the cases examined, and that the redundancy of the archetypes protects against 
individual model error. They do not demonstrate that the CE Rating produced corresponds to an objective epistemic quality of 
the document: that correspondence would require validation on a statistically significant sample with verifiable outcomes, a 
condition that remains the priority object of the Validation Roadmap. The framework is an instrument for the structuring and 
redundancy of critical thinking, not a measurer of truth. 

 
Appendix B - Reflexive Application: C.A.R.E. Assessed with C.A.R.E. 

As an exercise in methodological transparency, the framework was applied to the present manuscript in the same two operating 
modes as the Appendix A cases. The double circularity of the operation (the framework assessing the document that describes 
it, through the models that constitute it) remains intact: the results are to be read as structured self-criticism, not as independent 
validation. 

B.1 - Protocol 

Identical input for both modes: a faithful synthesis of the manuscript (7,890 characters), drafted within the application’s 
document processing limit and comprising abstract, positioning, architecture, engine, auxiliary indicators, functional verification, 
CE scale, limits, roadmap, conclusions and a synthesis of the appendices. Calibration domain: Academic research / Paper. The 
verdict of the previous reflexive iteration was deliberately excluded from the synthesis to avoid anchoring effects. Runs of 11 
June 2026 (single-instance at 23:16, multi-model at 23:57), with an archetype-model assignment identical to the Appendix A 
cases. 
 

B.2 - Results by Mode 
 

Archetype Multi-model Single-instance 

I1 Procedural Rv (Claude Fable 5) A 

I2 Substantive Rv (Gemini 2.0) A 

I3 Analytical A (GPT-4o) Rv 

I4 Resolutive Rv (DeepSeek-R1) A 

Arrangement Rv-Rv-A-Rv A-A-Rv-A 

D(3,4) Zone Zone 3 - Fluctuation Zone 3 – Fluctuation 

CE Rating Score 72, CE-2 band Score 93, CE-1 band (exploratory) 

 
Table B.1 - Reflexive assessment of the manuscript, results by mode (11/06/2026). 

 
B.3 - Reading of the Results 
 

Neither mode produces a veto: the manuscript falls within the regime of an honest construct with declared limits, free of 
structural flaws, with identity of zone across the modes and divergence confined to degree (21 score points, one CE band). The 
directional deviation documented in A.5.3 is confirmed in aggregate (single-instance 93 versus multi-model 72), but with a local 
inversion: on I3, single-instance was more severe than multi-model (Rv versus A); the permissive direction is an aggregate 
tendency, not a law per archetype. 
The findings of the multi-model run are convergent and operational: I1 (Rv) flags the absence, in the synthesis, of a provenance 
and screening statement for Case E and of the formal submission apparatus; I2 (Rv) confirms the conceptual soundness and 
identifies systematic empirical validation (Objective 3) as the condition for aspiring to top-tier editorial venues; I3 (A) is the only 
full judgment in the run, on account of the auditable decomposition and the distinction between engine verification and 
epistemic validation; I4 (Rv) identifies a design gap, the absence of an explicit evaluation grid for contingencies. 

B.4 - Outcomes Incorporated and Caveat 
 

Following the reflexive run, the immediately actionable corrections were incorporated into the manuscript: the provenance and 
screening statement for Case E (Section A.4.1) and the extension of the availability commitment to the FCV suite and to the 
complete table of the arrangements (Declarations). The design prescriptions on the I4 archetype (an explicit grid for the analysis 
of response strategies and an escalation path beyond reinstatement) are recorded here as extensions of the roadmap. A previous 
iteration of the manuscript had been reflexively assessed at CE-3: the comparison with the present results is not causal, since 
the manuscript, the input format and the execution conditions have all changed. For both modes, the constitutive caveat applies: 
a favourable outcome of self-assessment is not, and cannot be, evidence of validity. 
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  ⟨ 𝐰 ,   𝜙  Q (   𝐱  i ) ⟩ =   ∑  j = 1  N    𝛽  j ⟨ 𝜙 (   𝐱  j ) | 𝜙 (   𝐱  i ) ⟩


   (   𝐰 ∗ ,   𝐛 ∗ )


  𝐱


  f ( 𝐱 ) = ⟨   𝐰 ∗ ,   𝜙  Q ( 𝐱 ) ⟩ +   𝐛 ∗


    𝐰 ∗


  f ( 𝐱 ) =   ∑  j = 1  N    𝛽  j ∗ ⟨ 𝜙 (   𝐱  j ) | 𝜙 ( 𝐱 ) ⟩ +   𝐛 ∗


  ⟨ 𝜙 (   𝐱  j ) | 𝜙 ( 𝐱 ) ⟩


  L ( 𝐰 , b , 𝝃 , 𝜶 , 𝝁 ) =  1 2 ‖ 𝐰  ‖ 2 + C   ∑  i = 1  N    𝜉  i −   ∑  i = 1  N    𝛼  i [   y  i ( ⟨ 𝐰 ,   𝜙  Q (   𝐱  i ) ⟩ + b ) − 1 +   𝜉  i ] −   ∑  i = 1  N    𝜇  i   𝜉  i


    𝜕 L  𝜕 𝐰 = 𝐰 −   ∑  i = 1  N    𝛼  i   y  i   𝜙  Q (   𝐱  i ) = 0 ⇒   𝐰 ∗ =   ∑  i = 1  N    𝛼  i ∗   y  i   𝜙  Q (   𝐱  i )


    𝜕 L  𝜕 b = −   ∑  i = 1  N    𝛼  i   y  i = 0 ⇒   ∑  i = 1  N    𝛼  i ∗   y  i = 0


    𝜕 L  𝜕   𝜉  i = C −   𝛼  i −   𝜇  i = 0 ⇒   𝛼  i ∗ ≤ C ,   𝜇  i ∗ = C −   𝛼  i ∗


    𝐦 𝐚 𝐱  𝜶   ∑  i = 1  N    𝛼  i −  1 2   ∑  i = 1  N    ∑  j = 1  N    𝛼  i   𝛼  j   y  i   y  j   k  Q  (   𝐱  i ,   𝐱  j )  s.t.  0 ≤   𝛼  i ≤ C ,   ∑  i = 1  N    𝛼  i   y  i = 0 ;
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  | 𝜙 (   𝐱  i ) ⟩
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    𝛼  i


    𝛼  i ∗
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    y  s  (   ∑  i = 1  N    𝛼  i ∗   y  i   k  Q (   𝐱  i ,   𝐱  s ) +   b ∗ ) = 1
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  𝐱


  f ( 𝐱 ) =   ∑  i = 1  N    𝛼  i ∗   y  i   k  Q (   𝐱  i , 𝐱 ) +   b ∗


  ℋ


    𝐦 𝐢 𝐧  𝐰 , 𝝃 ,   𝝃 ∗  1 2  ‖ 𝐰  ‖ 2 + C   ∑  i = 1  N (   𝜉  i +   𝜉  i ∗ )


    y  i −  (  ⟨ 𝐰 ,   𝜙  Q  (   𝐱  i ) ⟩ + b ) ≤ 𝜀 +   𝜉  i


   (  ⟨ 𝐰 ,   𝜙  Q  (   𝐱  i ) ⟩ + b ) −   y  i ≤ 𝜀 +   𝜉  i ∗


    𝜉  i ≥ 0  


    𝜉  i ∗ ≥ 0 .
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    𝜉  i ∗


  C


    𝜙  Q (   𝐱  i ) = | 𝜙 (   𝐱  i ) ⟩


  i


  𝐰


   (   𝐰 ∗ ,   𝐛 ∗ )


  f ( 𝐱 ) = ⟨   𝐰 ∗ ,   𝜙  Q ( 𝐱 ) ⟩ +   b ∗


    𝐰 ∗


  f ( 𝐱 ) =   ∑  j = 1  N    𝛽  j ∗ ⟨ 𝜙 (   𝐱  j ) | 𝜙 ( 𝐱 ) ⟩ +   b ∗


  ⟨ 𝜙 (   𝐱  j ) | 𝜙 ( 𝐱 ) ⟩


  ℋ


  ℋ


    𝐦 𝐢 𝐧  𝜶 ,   𝜶 ∗  1 2   ∑  i = 1  N    ∑  j = 1  N    ( 𝛼  i −   𝛼  i ∗ ) (   𝛼  j −   𝛼  j ∗ )   k  Q (   𝐱  i ,   𝐱  j ) + 𝜀   ∑  i = 1  N (   𝛼  i +   𝛼  i ∗ ) −   ∑  i = 1  N    y  i (   𝛼  i −   𝛼  i ∗ )
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    ∑  i = 1  N (   𝛼  i −   𝛼  i ∗ ) = 0
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    ( 𝛼  i ,   𝛼  i ∗ )


  f ( 𝐱 ) =   ∑  i = 1  N (   𝛼  i  −   𝛼  i ∗ )   k  Q (   𝐱  i , 𝐱 ) +   b ∗


    b ∗


    𝛼  i  > 0 ,     𝛼  i ∗ < C


    b ∗ =   y  s − 𝜀 ⋅ s i g n (   𝛼  s  −   𝛼  s ∗ ) −   ∑  i = 1  N (   𝛼  i  −   𝛼  i ∗ )   k  Q (   𝐱  i ,   𝐱  s )


    b ∗ =  1   | S |   ∑  s ∈ S [   y  s − 𝜀 ⋅ s i g n (   𝛼  s  −   𝛼  s ∗ ) −   ∑  i = 1  N (   𝛼  i  −   𝛼  i ∗ )   k  Q (   𝐱  i ,   𝐱  s ) ]
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  RMSE
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  x


  U ( x )


  | 𝜓 ( x ) ⟩ = U ( x ) | 0 ⟩


  K ( x , z ) = F ( x , z ) = | ⟨ 𝜓 ( x ) | 𝜓 ( z ) ⟩  | 2


  x


  z


  ⟨ 𝜓 ( x ) | 𝜓 ( z ) ⟩ =   ∑  i = 0   2  n − 1    𝜓  i ( x  ) ∗ 𝜓 ( z )


  r e p s = 1


  r e p s = 2


  C = 10


  𝜀 = 0 . 1
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    R  z
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   { Z , Z Z }
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  X X


  Y Y


  Z Z


    𝑹  𝒁


    R  Z


    R  Z


    R  Z


    R  Z


  X X


  Y Y


  Z Z


   { Z , Z Z }


    R  Z


    R  Z


  E S = f  ( S M C ,   U P G ,   G D P G R ,   T O ,   R E C ,   G F C )                           ( 1 )


      L n C O 2  i t =     𝛽 0 +   𝛽 1 L n   S M C  i t +   𝛽 2   L n U P G  i t +   𝛽 3 L n   G D P G R  i t +   𝛽 4 L n   T O  i t +   𝛽 5 L n   R E C  i t +   𝛽 6   G F C  i t +   𝜀  i t                     ( 2 )


    L n N R D  i t =     𝛽 0 +   𝛽 1 L n   S M C  i t +   𝛽 2   L n U P G  i t +   𝛽 3 L n   G D P G R  i t +   𝛽 4 L n   T O  i t +   𝛽 5 L n   R E C  i t +   𝛽 6   G F C  i t +   𝜀  i t                     ( 3 )


    L n F R D  i t =     𝛽 0 +   𝛽 1 L n   S M C  i t +   𝛽 2   L n U P G  i t +   𝛽 3 L n   G D P G R  i t +   𝛽 4 L n   T O  i t +   𝛽 5 L n   R E C  i t +   𝛽 6   G F C  i t +   𝜀  i t                       ( 4 )


    𝛽 1


    𝛽 6


    Y  i t =   𝛽  i 1   X  i t +     ∑  j =   − q  q    𝛿  i j ∆   X  i ,   t + j +   𝛾  1 I     D  i i +   𝜀  i t                       ( 5 )


      Y ∗  i t =    (   Y  i t −     Y -  i ) −  (       L  21 i ^      L  22 I ^ ) ∆   X  i t +  (       L  21 i −     L  22 i ^ ^      L  22 I ^ )   𝛽  (   X  i t −     x  i - )                 ( 6 )


    ∆ Y  i t =     𝜋  i   Y  i t − 1 +   𝛾  i   𝛿  i t +     ∑  j = 1  p − 1    𝜃  i j     Y  i , t − j +   𝜀  i t                 ( 7 )


    𝛿  i t


    ∑  j = 1  p − 1    𝜃  i j     Y  i , t − j


    𝜀  i t


    𝜀  i t =     𝜇  i t +   𝜃  i   f  t                     ( 8 )


    ∆ Y  i t =     𝜋  i   Y  i t − 1 +   𝛾  i   𝛿  i t +     ∑  j = 1  p − 1    𝜃  i j     Y  i , t − j +   𝜇  i t +   𝜃  i   f  t             ( 9 )


    𝜃  i


    Y  i t =     𝜑  i +     𝛾  i t +  ∆  i   F  i +     𝜇  i t             ( 10 )
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    𝜇  i t

