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1. Rockland Trust, United States

Organizations that operate under regulatory or policy oversight must decide, for every change to a
governing instrument, which of their governed artifacts are affected. Most such decisions are
negative: the change does not apply. Automating negative decisions is attractive because they
dominate review volume, but an incorrect negative decision as a false clearance removes an obligation
from review without anyone noticing. Prediction-based methods score or explain a negative decision
after making it; they do not establish that the decision is admissible.

We present RCIT2 a knowledge-based decision architecture in which a non-impact clearance is
permitted only when the system constructs a machine-verifiable certificate that an independent
verifier accepts. Clearance grounds are partitioned into certifying grounds, which are logically
sufficient and checkable against frozen source records, and suggestive grounds, which may inform
review but can never authorize clearance. Every certificate is rule-bound, version-bound, hash-bound,
and subject to a conflict veto, complete dependency enumeration, and an authority-bounded evidence
path. Cases without an accepted certificate fail closed and escalate.

On a frozen synthetic corpus of 2,020 change artifact decisions, RCII? cleared 850 cases with zero
observed false clearances (false-clearance rate 0.0000, 95% CI [0.0000, 0.0083]), non-impact precision
1.0000, and safe coverage 0.4208. All 850 certificates were accepted by the independent verifier, and all
600 tampered certificates across twelve mutation classes were rejected. A supervised baseline clearing

the identical number of cases produced a false-clearance rate of 0.1217.

Correspondence: papers@team.qeios.com — Qeios will forward to the authors

geios.com doi.org/10.32388/0NGEV7y


mailto:papers@team.qeios.com
https://www.qeios.com/
https://doi.org/10.32388/0NGEV7

1. Introduction

11. The negative decision problem

An organization subject to external regulation maintains a body of governed artifacts: policies,
procedures, controls, system configurations, and governed records. When a governing instrument
changes, each artifact must be assessed for impact. In practice, the overwhelming majority of

assessments conclude that the change does not apply.

This asymmetry creates an automation opportunity and a risk. The opportunity is that negative
decisions dominate volume, so automating them removes most of the work. The risk is asymmetric in
the opposite direction. A false positive that results in escalating an unaffected artifact costs reviewer
time, and the cost is bounded and linear. A false clearance automatically clearing an artifact that was in
fact affected silently removes an obligation from the review queue. Nobody looks at it again. The error

surfaces later, if at all, through examination findings or an incident.

Because the two mistakes have very different consequences, overall accuracy is not enough to judge the
system. It must be evaluated on the false-clearance rate at a stated coverage, and it must make the

negative decision defensible to a party who was not involved in producing it.

1.2. Why prediction is not enough

Most existing approaches predict an outcome. A classifier, retrieval model, or rule set assigns a score or
label, and another system records or explains the result. That creates three problems for negative

decisions.

First, a confidence score reflects the model’s internal state, not the underlying evidence. It may not be

preserved, and a reviewer or examiner cannot verify it against a source record.

Second, explanations come after the decision. Explainable AI (XAI) methods describe why a model

produced an output, but they do not prove that the decision was permitted by the evidencelll2(3], The

explanation also comes from the same system, or from a system built around it.

Third, prediction systems usually must produce an answer. Every case receives a label whether or not the
evidence is strong enough to support one. Selective classification allows abstention, but conventional
approaches usually base that decision on a confidence score or learned selection function rather than

independently verifiable case evidence#/(2)(€],
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1.3. The proposed principle

RCII? uses a different standard:

A case can be cleared as non-impacting only when the system produces a compact, self-contained
certificate that an independent verifier can check against frozen source records and public rule

definitions.

The system does not make the decision first and explain it afterward. It must produce verifiable evidence
before the clearance is allowed. When it cannot, the case is escalated. Escalation is the safe default, not a

system failure.

This approach draws on certifying algorithms and proof-carrying code, where one component produces
a witness and a separate component verifies it2)8) The key difference here is that only some change-
impact cases can produce a valid witness, so the ability to construct one becomes the rule for when the

system may decide and when it must abstain.

14. Contributions

1. A certificate-gated architecture that allows a non-impact clearance only after independent
verification, rather than relying on model confidence.

2. A clear separation between certifying and suggestive grounds, so suggestive evidence can support
review but can never authorize clearance.

3. A defined certificate format and a fifteen-rule verifier that works without access to the decision
engine, model state, or confidence scores.

4, A controlled evaluation on a frozen synthetic corpus of 2,020 decisions, comparing RCII* with
ungated rules and a supervised baseline at matched coverage, including a controlled distribution-
shift test.

5. A tamper-resistance test covering twelve mutation classes.

6. A reproducible laboratory package containing the frozen corpus, rules, decision ledgers, certificates,

and independent metric reconstruction.

The contribution is a fail-closed, independently verified, proof-carrying system for non-impact

decisions.
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1.5. Scope of the claim

This study is a controlled proof of concept using a synthetic corpus. It shows that the mechanism works

as designed and can be reproduced, but it does not yet prove production performance or guarantee zero

future false clearances.

RCII? architecture
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Figure 1. RCII? architecture. A change and a candidate governed artifact enter ground evaluation. Certifying

grounds may trigger certificate construction; suggestive grounds are recorded as evidence only. Constructed

certificates pass to an independent verifier. Clearance is emitted only on verifier acceptance; all other paths

escalate.

2. Related Work

We compare RCII® with seven related areas of research. The key difference is that other methods produce

or explain a decision, while RCII? requires independent verification before the decision is allowed.
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2.1. Change-impact analysis

Change-impact analysis (CIA) began in software engineering as a way to identify which parts of a system
may be affected by a change, often using dependency graphs, program slicing, or traceability links21110]
, Regulatory and policy change management uses related formal, rule-based, and process-oriented

methods for governed documents and obligations12I13M14I15] These approaches are good at finding
what might be affected, but they do not define how to prove that something is not affected or require

independently verifiable evidence for that conclusion.

2.2. Prediction-only classification

Supervised classifiers use learned features to assign labels in legal, compliance-adjacent, and impact-
analysis tasks!1€/(17)(18] . They depend on labeled training data, may perform poorly when the data
changes, and do not inherently produce evidence that an independent reviewer can verify. Arms D, E, and

F represent this type of approach.

2.3. Explainable AI (XAI)

Explainable Al methods such as feature attribution, surrogate models, concept-based explanations, and
counterfactual explanations help to describe why a model produced a resultl2IB] Recent KBS work
continues to improve explainability through ensemble XAI, concept bottlenecks, and ontology-enriched
causal reasoningl12120121l These methods may make a decision easier to understand, but they do not
determine whether the system was allowed to make it. RCII? certificates are different because they must

satisfy defined evidence requirements before the clearance is released.

2.4. Rules engines and knowledge-based systems

Production rule systems and business rules engines evaluate conditions and trigger actions(221(23]
Current KBS research also continues to develop formal rule extraction and logical-reasoning structures,
including three-way rule extraction from Boolean formal contexts24, RCIP*> also uses rules, but a
conventional rules engine may allow any satisfied condition to authorize a decision. Our Arm A
represents that approach because any negative ground can end the analysis. RCII? differs by separating
grounds according to whether they are logically sufficient and by requiring independent verification

before a clearance is allowed.
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2.5. Provenance and audit logging

Provenance systems record how a result was produced‘[é]-@]-, and W3C PROV provides a standard model
for representing entities, activities, agents, and their derivations/27128]. Recent KBS work continues to
use knowledge-based structures to support reliable provenance and intent capturel2239]. provenance
records help reconstruct what happened, but they do not necessarily control whether the decision is
allowed. RCII? certificates are created before clearance and must be approved by an independent verifier

before the clearance can occur.

2.6. Selective classification and abstention

Selective classification allows a model to abstain when its confidence is too low or when a learned
selection function declines the caselBU4I2)€), Conformal prediction also supports calibrated prediction
sets and abstention with formal coverage guarantees[ ————— . Recent KBS work illustrates a parallel

emphasis on uncertainty-aware and open-set reasoning[3—5]‘. These are the closest related methods, but
the trigger is different. Conventional selective methods abstain based on a score, set size, or learned
selection rule, while RCII? abstains when it cannot construct verifiable evidence. A score depends on how

well the model separates cases. A certificate depends on whether the required evidence actually exists.

2.7. Proof-carrying code, certifying algorithms, and formal verification

Proof-carrying code requires code to include proof that it follows a safety policy, which the receiving
system checks independentlylSL Certifying algorithms produce a result together with evidence that a

simpler checker can verifyl 28737l Formal methods use mathematical reasoning to establish whether a
system satisfies specified properties, while assurance cases organize structured evidence and argument

for human review/281391140]

RCII? uses the same producer-and-checker model. The difference is that only some change-impact cases
can produce a valid certificate. When no certificate can be built, the system abstains and escalates the
case. Recent work has begun to move beyond confidence-only abstention: Khosravanil®l predicts only
when all hypotheses consistent with stated constraints force agreement, and Xuls2l separates verdict
generation from commitment authorization when evidence is structurally conflicting. RCII? is therefore
not claimed to originate evidence-structure-based abstention in general. To our knowledge, its narrower

contribution is the combination of certificate constructibility as the clearance gate, independent

geios.com doi.org/10.32388/0NGEV7y


https://www.qeios.com/
https://doi.org/10.32388/0NGEV7

verification against frozen records, and a structurally enforced distinction between certifying and

suggestive evidence for negative change-impact determinations.

3. Problem Definition and Research Questions

3.1. Definitions

Let C denote a change to a governing instrument, A a governed artifact version, and R a frozen corpus of

source records.

Governed artifact. A versioned organizational object subject to a governing instrument: policy,
procedure, control, system configuration, or governed record. Each version carries temporal validity,
jurisdictional scope, authority linkage, and applicability attributes across product, channel, entity,

customer, and transaction dimensions.

Change-impact decision. A determination, for the pair (C, A), of one of three states: - IMPACTED: the
change alters what A requires; - NON_IMPACTED: the change cannot alter A; - INDETERMINATE: neither

can be established.

INDETERMINATE is the default. The other two require justification.

Clearance ground. A defined condition, with specific evidence requirements, that supports a finding of
non-impact.

Certifying ground. A condition is certifying only when it logically proves non-impact and can be checked

directly from structured source data without interpreting free text. Both requirements must be met.

Suggestive ground. A condition is suggestive when it may be relevant but does not fully prove non-
impact or cannot be verified directly from structured data. It may help prioritize review, but it can never

authorize clearance.

Certificate. A structured record that identifies the case, states the clearance ground, cites the supporting
source data, records the relevant path, scope, dependencies, conflicts, and dates, and includes the hashes,

rules, and version details needed for independent verification.

Verifier. A function V(x, R) — {ACCEPT, REJECT}, executing without access to engine state, model state, or

confidence scores, which re-evaluates the terminating predicate directly against R.

For example, if a certificate claims that an artifact is non-impacting because it expired before the change

took effect, the verifier checks the artifact’s end date and the change’s effective date in the frozen records.
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It accepts the certificate only if those dates support the claim.

Clearance. A finding of NON_IMPACTED. Clearance is allowed only when the independent verifier accepts

the certificate; V(x, R) = ACCEPT.

False clearance. A case the system clears as non-impacting even though the gold label is IMPACTED.

false clearances
all gold-IMPACTED cases

FCR =

For example, if 5 of 100 truly impacted cases are incorrectly cleared, the false-clearance rate is 5%.
Non-impact precision. The share of cleared cases that are truly NON_IMPACTED.

cleared cases with gold label NON\_IMPACTED

all cleared cases

Non-impact precision =

For example, if 90 of 100 cleared cases are truly non-impacting, non-impact precision is 90%.

Safe coverage. The share of all decisions that are correctly cleared as NON_IMPACTED and supported by

an accepted certificate.

cleared A gold NON\_IMPACTED AV = ACCEPT

Safe coverage = —
all decisions

All three conditions must be met. A correct non-impact decision without an accepted certificate does not

count as a safe clearance.

Escalation rate. The share of all cases sent for further review because the system could not safely clear

them.

INDETERMINATE cases

all decisions

Escalation rate =

3.2. Central hypothesis

H. Certificate-gated non-impact clearance can prevent false clearances while still clearing a useful share

of cases.

False-clearance rate (FCR) and coverage must be reported together. A system can achieve zero false
clearances by clearing nothing, and it can achieve full coverage by clearing everything. Neither result is

useful on its own.
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3.3. Research questions

« RQL. Can certificate gating prevent false non-impact clearances without supervised training data? -
RQ2. Can it still clear a useful share of cases rather than escalating everything? - RQ3. Can
independent verification reject altered, incomplete, conflicting, or fabricated evidence? - RQ4. At the
same coverage, does certificate gating produce fewer false clearances than prediction-only methods? -
RQ5. Does certificate-gated clearance remain stable under a controlled distribution shift? - RQ6.

Which parts of the architecture are essential to the result?

3.4. Falsification conditions

Three failure conditions were defined before the evaluation:

* F1. The false-clearance rate exceeds 5%, or the upper bound of the 95% confidence interval exceeds
10%.
» F2. Safe coverage falls below 5%.

» F3. Certificate acceptance falls below 98%, or tamper rejection falls below 95%.

F2 prevents a meaningless result. A system can achieve a false-clearance rate of zero simply by clearing

nothing, but such a system has no practical value.

4. RCII> Method

4.1. Decision procedure

RCII uses the following deterministic decision procedure:

1. Traverse the dependency graph from C toward A along authority-bounded edges. Record the path
and stop reason.
2. Evaluate certifying grounds in fixed deterministic order. On the first satisfied ground:
1. verify machine-decidability;
2. verify complete dependency enumeration;
3. construct certificate «;
4. submit k to the independent verifier V;

5.if V (k, R) = ACCEPT, emit NON_IMPACTED; otherwise, escalate.
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3.1If no certifying ground produces an accepted certificate, evaluate suggestive grounds and record

them as evidence. Never terminate on a suggestive ground.

4. Emit INDETERMINATE with the unresolved predicate set.

No stochastic component appears on the decision path.

4.2. Clearance grounds

The frozen ground taxonomy contains eight grounds grouped into three classes.

Ground Class Condition
G-EXP CERTIFYING The artifact version expired before the change took effect.
G-SUP CERTIFYING The artifact version was replaced by a later version.
G-JUR CERTIFYING The artifact and the change apply to different jurisdictions.
G-WDR | CONDITIONALLY CERTIFYING The governing instrument was withdrawn.
G-DOM SUGGESTIVE The business domains do not appear to match.
G-PROD SUGGESTIVE The product scopes do not overlap.
G-CHAN SUGGESTIVE The channel scopes do not overlap, excluding cases marked ALL.
G-ENT SUGGESTIVE The entity scopes do not overlap.

Table 1. Clearance-ground taxonomy and authorization status.

The certifying grounds can be checked directly from a small number of structured fields. For example, a

reviewer can verify that an artifact expired on 26 January 2023 and that the change took effect on 24

September 2024. A statement such as “the business domains do not appear to overlap” requires

interpretation, so it is only suggestive.

G-WDR is conditionally certifying because withdrawal does not always end an obligation. A savings

clause may preserve some requirements, so that condition must be checked and recorded when the

certificate is created.
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4.3. Certificate structure

Each certificate contains:

» Case identity: the change, artifact, artifact version, certificate, and run identifiers.

» Asserted ground: the ground used to support clearance and its classification.

¢ Rule binding: the rule, rule version, and certificate schema version.

» Predicate and evidence: the condition being tested and the source values used to support it.
 Authority-bounded path: the approved dependency path, including its depth and stop reason.

» Temporal facts: the change effective date and the artifact’s validity period.

* Jurisdictional facts: the jurisdictions that apply to the change and the artifact.

« Applicability facts: the product, channel, entity, customer, and transaction dimensions evaluated.
» Dependency enumeration: the number of dependencies reviewed and whether the set is complete.
» Suggestive evidence: relevant grounds that were recorded but did not authorize clearance.

» Conflicting evidence: any records that contradict the claimed ground.

 Integrity information: the certificate content hash and the corpus manifest hash.

« Disposition: the final decision.
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Certificate structure
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Figure 2. Certificate structure. The figure groups certificate fields by function, including identity, rule and

version binding, evidence, dependency path, completeness, conflicts, integrity, and final disposition.

Two details are especially important. Suggestive evidence is recorded but clearly marked as non-
authorizing, so the verifier can confirm that it did not produce the clearance. The content hash is also
calculated over a fixed field list shared by the certificate generator and verifier, so any difference between

the two is detected rather than ignored.

4.4. Independent verification

The verifier receives only the certificate, the frozen corpus, and the public rule definitions. It does not use

the decision engine, supervised models, or confidence scores.

It applies fifteen checks:
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Rule Check

V-01 The certificate schema version is valid.

V-02 The certificate identifier has the correct format.
V-03 The run identifier matches the expected run.

V-04 The certificate content hash is valid.

V-05 The asserted ground appears in the frozen taxonomy.
V-06 The ground is classified as CERTIFYING or CONDITIONALLY CERTIFYING.
V-07 The stated disposition is NON_IMPACTED.

V-08 The predicate is present and well formed.

V-09 The cited source values are present.

V-10 Dependency enumeration is complete.

V-1 The authority-bounded path is valid.

V-12 The temporal facts are consistent.

V-13 The jurisdictional facts are consistent.

V-14 The corpus manifest hash matches.

V-15 No conflicting evidence shows that the case is IMPACTED.

Table 2. Verification Rules

The central principle is simple: the certificate generator cannot approve its own result.

V-06 prevents suggestive grounds from authorizing clearance. V-15 blocks clearance when conflicting

evidence exists. V-10 requires all relevant dependencies to be included. V-11 requires the evidence path to

use links that are authoritative, valid at the relevant time, and applicable to the case.
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Clearance and verification flow
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Figure 3. Clearance and verification flow. Deterministic and fail-closed: any path other than verifier

acceptance results in INDETERMINATE or escalation.

4.5. Fail-closed escalation

Every case is escalated unless the verifier accepts the certificate. This remains true even when a
certifying ground is found. No case can be cleared without an accepted certificate, and no confidence

score can override that requirement.

A certificate defect therefore creates additional review work rather than an unnoticed false clearance.

4.6. Where learned models remain useful

Learned models can still play an important role in RCIT> They may rank escalated cases, suggest possible

grounds for a rule author to formalize, or retrieve related artifacts.

The limit: a model score may support the process, but it cannot authorize the final clearance because a

score is not independently verifiable evidence.
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5. Experimental Design

5.1. Synthetic corpus

The corpus models governed artifacts such as policies, procedures, controls, systems, and governed
records. Each case includes structured information about version, time, authority, jurisdiction, product,

channel, customer, and transaction scope.

The corpus is entirely synthetic. No Rockland Trust documents, customer information, or production

data were used.

Six partitions were created:

Partition Cases Purpose
dev 600 Rule development and supervised training
val 400 Model selection and calibration
final r 2,020 Primary evaluation
final a 600 Adversarial evaluation
final s 400 Distribution-shift evaluation
final u 300 Unseen-ground evaluation

Table 3. Synthetic corpus partitions and their purposes.

Unless stated otherwise, all results in Section 8 use final r.

The final_r partition contains:

¢ 1400 NON_IMPACTED cases
e 460 IMPACTED cases

e 160 INDETERMINATE cases

These cases are divided into seven strata:

geios.com doi.org/10.32388/0NGEV7y 15


https://www.qeios.com/
https://doi.org/10.32388/0NGEV7

Stratum Cases Description

NI_DISPOSITIVE 700 Non-impacted with a certifying ground

NL SUGGESTIVE 350 Non-impacted with only a suggestive ground

NI_NO GROUND 200 Non-impacted with no ground
NILCONDITIONAL 150 Non-impacted with a conditionally certifying ground
IMP_NO GROUND 230 Impacted with no ground
IMP SUGGESTIVE 230 Impacted with a suggestive ground
INDETERMINATE 160 Cases that cannot be resolved from the available evidence

Table 4. Gold-label strata in the final_r evaluation set.

The most important adversarial stratum is IMP SUGGESTIVE. In these cases, suggestive evidence

appears to support non-impact even though the artifact is actually impacted. Any system that allows

suggestive evidence to authorize clearance will make false clearances here.

5.2. Experimental arms

The study compared six approaches:

geios.com
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Arm Description
A Ungated rules, where any negative ground may authorize clearance
B A permissive baseline that clears nearly every case
C Certificate-gated RCII? using no labeled training data
D A supervised baseline adjusted to clear the same number of cases as Arm C
E A supervised baseline tested with label budgets of 0, 10, 25, 50, 100, 250, 500, and 600
F A supervised baseline trained on one distribution and evaluated on the shifted final s partition

Table 5. Experimental arms used to compare certificate-gated clearance with ungated and supervised

baselines.

Arm C uses no labeled training data. Arms D, E, and F use the same structured features available to the

ground predicates.

5.3. Ablations

Thirteen ablation variants were used to test the contribution of individual grounds, certificate

requirements, and decision rules. Table 6 summarizes each variant.
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Ablation Change
AB-1 Remove G-JUR
AB2 Remove all certifying grounds
AB-3 Remove G-SUP
AB-4 Remove G-EXP
AB-5 Remove G-WDR
AB-6 Promote suggestive grounds to certifying
AB-7 Remove the dependency-enumeration requirement
AB-8a—d Remove selected certificate field requirements
AB-9 Invert the decision rule
AB-10 Apply random clearance at matched coverage

Table 6. Ablation variants used to test the contribution of individual grounds and verification safeguards.

54. Tamper testing

Twelve mutation classes were tested. Each class was applied to 50 valid certificates, producing 600

tampered certificates in total.
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Mutation class

Description

ALTERED CITATION

Changes a cited source value

CHANGED DATE

Changes a relevant date

FABRICATED AUTHORITY_EDGE

Adds an authority link that does not exist

NON_AUTHORITATIVE _EDGE

Uses a dependency link that is not authoritative

OMITTED _DEPENDENCY

Removes a required dependency

WRONG_RULE_VERSION

Substitutes an incorrect rule version

CORRUPTED HASH

Alters the certificate hash

INCOMPLETE_ENUMERATION

Marks an incomplete dependency set as complete

SUGGESTIVE_AS _DISPOSITIVE

Uses a suggestive ground as if it could authorize clearance

CERTIFICATE_ WRONG CASE

Attaches the certificate to the wrong case

CONFLICTING SOURCE_RECORDS

Introduces evidence that contradicts the clearance

STALE_CORPUS MANIFEST

Uses an outdated corpus manifest hash

Table 7. Certificate mutation classes used in the tamper-resistance evaluation.

5.5. Reproducibility protocol

The laboratory was implemented in Python 3.2 using only the standard library and no external

dependencies.

Each component used its own fixed random seed:

Each seed was applied through its own random.Random(seed) instance so that components did not share

corpus: 42
supervised baseline: 43
tamper testing: 44

ablations: 45

global random state.
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All JSONL outputs used a consistent format with sorted keys, and records were ordered by scenario

identifier. The full laboratory was run twice, and the deterministic scientific outputs were compared byte

for byte.

6. Results

6.1. Primary result

Arm C cleared 850 of 2,020 cases with zero observed false clearances. Its false-clearance rate was 0.0000,

with a 95% Wilson confidence interval of [0.0000, 0.0083]. Non-impact precision was 1.0000, and safe

coverage was 0.4208.

Arm Cleared False clearances FCR NI precision | Coverage
A, ungated rules 979 213 0.4630 0.7007 0.4847
B, permissive baseline 2,019 460 1.0000 0.6934 0.9995
C, certificate-gated RCIT? 850 0 0.0000 1.0000 0.4208
D, supervised matched coverage 850 56 0.1217 0.8965 0.4208

Table 8. Primary results on final r (n = 2,020; 460 gold-IMPACTED cases). False-clearance rate and coverage

are reported together.

Gold label Cleared Escalated Total
NON_IMPACTED 850 550 1,400
IMPACTED 0 460 460
INDETERMINATE 0 160 160
Total 850 1,170 2,020

Table 9. Arm C dispositions by gold label.
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The 850 clearances were supported by four terminating grounds:

Ground Clearances
G-SUP 246
G-JUR 230
G-EXP 224

G-WDR 150

Table 10. Terminating grounds

None of the pre-registered failure conditions was triggered. F1 was not triggered because the false-
clearance rate remained below 5% and the upper confidence bound remained below 10%. F2 was not
triggered because safe coverage remained above 5%. F3 was not triggered because certificate acceptance

remained above 98% and tamper rejection remained above 95%.

6.2. Clearance Quality at Matched Coverage

The experiment shows that RCII*> correctly enforced certificate-gated clearance and selected only
certifiable cases, while a supervised baseline at the same coverage also cleared impacted and unresolved

cases.

Arm C cleared all 700 NI_DISPOSITIVE cases and all 150 NI CONDITIONAL cases, for a total of 850

clearances. It cleared no cases from the suggestive, unsupported, impacted, or unresolved strata.

This supports two clear findings. First, RCII* enforced the certificate-gated decision rule exactly as
intended and did not allow unsupported cases through the clearance gate. Second, at the same coverage
of 0.4208, the supervised baseline also cleared 850 cases, but 56 of those came from IMP NO GROUND

and were false clearances. It also cleared 43 NI_NO GROUND cases and 32 INDETERMINATE cases.

The result therefore shows that, within this controlled synthetic corpus, RCII? selected only certifiable

cases while the supervised baseline did not. The 0.4208 coverage rate should not be treated as an estimate
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of production performance because it reflects the proportion of certifiable cases built into the corpus.

Production coverage will depend on the real prevalence of certifying grounds in operational data.

6.3. Certificate integrity

All 850 valid certificates were accepted, and no case was cleared without an accepted certificate.

All 600 tested certificate mutations were rejected. Because each mutation changed hash-bound content,
every case triggered V-04, the certificate-integrity check. Several class-specific rules also fired as
expected, including V-10 for incomplete dependencies, V-11 for invalid authority paths, V-14 for stale

corpus manifests, and V-15 for conflicting evidence.

The results therefore show that the verifier detected every tested post-generation mutation. They do not
yet show how the class-specific rules perform when a compromised generator alters a certificate before
the hash is created. A future laboratory cycle should test hash-preserving or pre-hash mutations to

evaluate that scenario directly.

Measure Result
Certificates issued 850
Certificates accepted by the independent verifier 850/ 850 (1.0000)
Cleared cases without a certificate 0
Certificates without a corresponding clearance 0
Tampered certificates rejected 600 / 600 (1.0000)

Table 11. Certificate issuance, verification, and tamper-test results

6.4. Diagnostic label-deprivation experiment

The supervised baseline produced no clearances with zero labels and cleared the entire corpus at every
nonzero label budget. Its false-clearance rate was therefore 1.0000 at every tested budget from 10 to 600

labels.

This is a diagnostic result, not a valid comparison of supervised performance under label scarcity. The

baseline appears to have collapsed to a degenerate decision rule. The result is not used to support the
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main comparison with RCII2

Further evaluation requires review of class weighting, feature representation, decision thresholds, and

calibration before the supervised label-deprivation experiment is repeated.

Label budget Cleared FCR

0 0 Not applicable

10 2,020 1.0000

25 2,020 1.0000

50 2,020 1.0000

100 2,020 1.0000

250 2,020 1.0000

500 2,020 1.0000

600 2,020 1.0000

Arm C, 0 labels 850 0.0000

Table 12. Supervised baseline performance under different label budgets.

6.5. Distribution shift performance

Arm Partition Cleared FCR
C, certificate-gated final_s 180 / 400 0.0000
E, supervised final_s 400 [ 400 1.0000

Table 13. Performance under the controlled distribution shift.

Under the tested shift, Arm C cleared 180 of 400 cases, for coverage of 0.4500, with zero observed false
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clearances. Arm F cleared all 400 cases and produced a false-clearance rate of 1.0000.

The difference reflects how the two approaches make decisions. Arm C checks explicit predicates against
the current record, so a change in the data distribution affects which cases qualify but does not change
what the predicates mean. Arm F relies on a decision boundary learned from the original distribution,

and that boundary did not hold under the tested shift.

This result applies only to the single controlled shift evaluated here and should not be treated as evidence

of general robustness across all production shifts.

6.6. Ablations

Ablation Description Delta Status
AB-1 Remove G-JUR 230 Decision-level
AB-2 Remove all certifying grounds 850 Decision-level
AB-3 Remove G-SUP 246 Decision-level
AB-4 Remove G-EXP 224 Decision-level
AB-5 Remove G-WDR 150 Decision-level
AB-6 Promote suggestive grounds to certifying 1,169 Decision-level
AB-7 Remove dependency-enumeration requirement 0 Verification-level

AB-8a—-d Remove selected certificate field requirements 0 Verification-level
AB-9 Invert the decision rule 2,020 Decision-level
AB-10 Apply random clearance at matched coverage 1,019 Decision-level

Table 14. Ablation results on final r (n = 2,020). Delta is the number of decisions that differ from Arm C.

Eight ablations changed the final decisions. Removing each certifying ground changed exactly the
number of cases cleared by that ground: 230 for G-JUR, 246 for G-SUP, 224 for G-EXP, and 150 for G-WDR.

This shows that each ground contributed independently.
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AB-6 produced the most important result. Promoting suggestive grounds to certifying changed 1,169
decisions and allowed the type of over-clearance seen in Arm A, including 213 false clearances. This

confirms that the separation between certifying and suggestive grounds is essential.

AB-10 also changed 1,019 decisions. This shows that RCII? is not simply clearing an arbitrary group of 850

cases. It is selecting a specific set based on certifying evidence.

AB-7 and AB-8a—d did not change which cases were selected for clearance. Their role is different.
Certificate fields do not determine which cases qualify; they determine whether a proposed clearance
survives verification. Their effect is measured by the tamper suite, which rejects mutations targeting

each of these fields.

6.7. Reproducibility

After the final package correction, two independent laboratory runs produced 30 of 30 byte-identical
deterministic scientific outputs. Wall-clock execution time was stored separately in a nondeterministic

execution log and was not included in the comparison.

All published metrics were also reconstructed independently from the frozen prediction ledgers and

gold-label files. Every reconstructed value matched the canonical results.

One major reproducibility defect was found and corrected during the laboratory cycle. AB-10 originally
used Python’s built-in hash() function to derive per-case seeds. Because that function can vary across
processes, the same run produced different outputs. It was replaced with a SHA-256-derived seed, after

which the outputs were byte-identical across runs.

7. Discussion

71. Proof and confidence are different quantities

A confidence score reflects the model’s internal state. A certificate reflects the evidence.

The difference matters when the system is wrong. A confidence-based system may clear a case
incorrectly without revealing the mistake. A certificate-gated system cannot clear the case unless it can

produce evidence that passes independent verification. When it cannot, the case is escalated for review.

This is what makes the architecture fail-closed. Escalation is the default, and no confidence threshold can

override it.
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7.2. Abstention as a design property

Arm C escalated 1,170 of 2,020 cases, or 57.9%. That includes 550 cases that were truly non-impacting but

could not be supported by an accepted certificate.

This is intentional. RCII* gives up some automation in exchange for safer clearance. The cost is 550

additional reviews. The benefit is that all 460 impacted cases were escalated.

Whether that trade is worthwhile depends on the institution’s cost of manual review compared with the

risk of missing an obligation. This experiment does not answer that business question.

7.3. Implications for knowledge-based systems

The approach may apply beyond regulatory change. It is relevant wherever a negative decision removes
something from human attention, the cost of a missed case is high, and the supporting evidence can be

checked from structured records.

The key knowledge-engineering contribution is the ground taxonomy. Grounds are classified by whether
they logically support non-impact and whether they can be checked directly from structured data. They

are not classified only by how useful they are for prediction.

The AB-6 result shows that this distinction is essential. When suggestive grounds were allowed to
authorize clearance, false clearances increased.
74. Where learned components fit

Learned models can support RCII? by ranking escalated cases, suggesting possible grounds for human

formalization, or retrieving related artifacts for review.

They may assist the process, but they may not authorize the final clearance. A model score is not

independently verifiable evidence.

8. Threats to Validity and Limitations

This study is a controlled proof of concept. Its limits are stated directly below.

8.1. The corpus is synthetic

The corpus was entirely generated. No Rockland Trust documents, customer information, or production

data were used.
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The synthetic artifacts model policies, procedures, controls, systems, and governed records using
structured fields. Real artifacts are more complex. Jurisdiction may be implied rather than stated, version
history may branch, withdrawals may preserve some obligations, and applicability may be buried in free

text.

The study therefore shows that RCIT> works as designed in the laboratory. It does not yet show how it will

perform on real operational data.

8.2. Coverage reflects the corpus design

Arm C cleared all 700 NI_DISPOSITIVE cases and all 150 NI CONDITIONAL cases. Its coverage of 0.4208

therefore reflects the share of the synthetic corpus designed to be certifiable.

This should not be treated as an estimate of production coverage. Real coverage will depend on how often

certifying grounds appear in operational data.

8.3. Zero observed error does not mean zero risk

RCII? produced zero observed false clearances across 460 gold-IMPACTED cases. The upper bound of the

95% confidence interval was 0.0083.

This result does not prove that the true false-clearance rate is zero. It also does not show that zero false

clearances will occur on other corpora or in production.

84. The corpus and ground taxonomy were developed together

The clearance-ground taxonomy and synthetic corpus were created within the same laboratory design
process. The corpus was intentionally built to include certifying, suggestive, conflicting, and no-ground

cases.

The experiment therefore tests whether RCII? correctly enforces the designed evidence structure. It does

not show that the same structure will appear naturally in independently collected data.

A future study should use a corpus designed or labeled independently by researchers who were not

involved in defining the clearance grounds.

8.5. The supervised label-deprivation baseline needs further work

As shown in Section 8.4, the supervised baseline cleared the entire corpus at every nonzero label budget.
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This is a degenerate result and may reflect the baseline configuration rather than the limits of supervised

learning. The label-deprivation comparison is therefore treated as diagnostic only.

A fairer comparison requires further review of class weighting, feature representation, thresholds, and

calibration.

8.6. Single corpus, single shift tested

The primary results come from one synthetic corpus generated by one process. Only one controlled

distribution shift was evaluated.

The study has not yet been replicated across independent corpora or multiple shift conditions.

8.7. Verifier soundness is tested, not proven

The verifier rejected all 600 tested certificate mutations.

This is evidence that it detected the tested post-generation changes. It is not a formal proof of verifier
soundness. Because every mutation changed hash-bound content, every case also triggered the content-

hash check.

Future testing should include hash-preserving and pre-hash mutations to exercise the class-specific

verifier rules more directly.

8.8. No production deployment or workflow integration

RCII? has not yet been integrated into an operational workflow.

The study does not measure reviewer time, workload reduction, implementation cost, or production

coverage.
9. Practical Implications

91. Deployment model

RCII? would sit before human review. Cases with accepted certificates would be cleared and stored with

the certificate. All other cases would go to a reviewer.

The system would never remove a case from human attention without leaving behind evidence that can

be checked.
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9.2. The certificate as the audit record

For a regulated institution, the certificate is more valuable than the clearance itself.

If an examiner asks why an obligation was not reviewed, the institution can provide a record tied to
specific source fields and rules. That record can be checked independently. A confidence score cannot

provide the same level of support.

9.3. Prerequisites
RCII? requires a governed corpus in machine-readable form. This includes version history, effective dates,
jurisdiction, dependency links, and authority relationships.

Creating and maintaining that corpus is likely to be the largest cost of adoption. This study does not

estimate that cost. The reasoning and verification layer is comparatively lightweight.

94. Ongoing governance

The clearance grounds must be reviewed over time. A ground that is logically sufficient today may need

to be reconsidered when regulations, policies, or business structures change.

The organization should also monitor which grounds are producing clearances. A major shift in that

pattern may change both coverage and risk.

9.5. What this study does not support

This study does not support production deployment yet.

Before deployment, RCII> must be tested on realistic operational data, compared with current human
review, evaluated for implementation and governance cost, and reviewed by compliance officers,

auditors, and examiners to confirm that the certificates are useful in practice.

10. Conclusion

We presented RCI? a knowledge-based decision architecture that allows a non-impact clearance only
when an independent verifier accepts a machine-verifiable certificate. Certifying grounds must logically
support non-impact and be checkable from structured data. Suggestive grounds may support review, but

they cannot authorize clearance. Every other case is escalated.
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On a frozen synthetic corpus of 2,020 decisions, RCII? cleared all 850 cases designed to satisfy certifying
or conditionally certifying grounds. It did not clear any impacted or uncertifiable cases. This produced
zero observed false clearances, with an FCR of 0.0000 and a 95% confidence interval of [0.0000, 0.0083],
non-impact precision of 1.0000, and coverage of 0.4208. All 850 valid certificates were accepted, and all
600 tested post-generation mutations were rejected. A supervised baseline clearing the same number of

cases produced an FCR of 0.1217. None of the pre-registered failure conditions was triggered.

These results show that RCII? correctly enforced the clearance policy, preserved certificate integrity, and
produced reproducible results within the designed synthetic corpus. The coverage rate reflects the corpus
design and should not be treated as an estimate of production performance. Zero observed error also does
not mean zero future risk. External validation will require an independently designed, realistically
distributed corpus, a human baseline, and evidence that the certificates are useful to the people who must

rely on them.

The central claim is that the admissibility rule matters. Requiring verifiable evidence before a negative
decision changes the failure mode. When RCII? cannot prove the clearance, it escalates the case instead of
clearing it silently. For decisions that remove obligations from human attention, that difference is the

point.
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