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ABSTRACT: High-stakes clinical decision support (CDS) demands a property that aggregate accuracy cannot capture:
a trace that a clinician who was not in the room can inspect layer by layer when the system is wrong. We argue
that the way to obtain this property is to refuse to entangle the large language model (LLM) with the rest of the
pipeline. We propose KRD (Knowledge–Rule–Decision), a four-component architecture that separates fact extraction,
a compile-time clinical knowledge layer in the spirit of the LLM Wiki pattern of Karpathy, a rule layer of hand-
written contraindications and heuristics, and a decision interface whosecomposemethod short-circuits to a rule-cited
blocking response whenever any hard violation fires. We evaluate KRD against a pure language model, a retrieval-
augmented language model, a rule-only system, and a light hybrid on a benchmark of 32 type-1 diabetes scenarios.
A strict version of the unsafe-suggestion rate stratifies the five systems monotonically into four distinct tiers from
0.867 down to zero, with S4 and S5 tied at the floor; the full KRD stack and the light hybrid reach the hard-safety
ceiling together; KRD leads the light hybrid on evidence trace completeness by 25% relative and on reviewer correction
burden by 12% relative, both directionally clear and borderline significant under bootstrap intervals; and KRD issues
17 language model calls per benchmark pass against the light hybrid’s 32, a 47% reduction that is a direct consequence of
the architectural choice to evaluate the rule layer before invoking the model. We also report honestly that the evidence
gate is inert on this benchmark because every compiled concept is graded A or B, and we trace five fact-extraction
failures to a single field and a single linguistic pattern. The contribution is not that KRD is universally optimal but that
layer-wise auditability is a design discipline whose cost in this setting was lower than its critics would have predicted.

KEYWORDS: Clinical decision support; large language models; neuro-symbolic AI; auditability; type-1 diabetes;
high-stakes AI

1 Introduction
Large language models (LLMs) have moved quickly from open-ended chat into settings where their

outputs influence consequential decisions. Clinical decision support is the sharpest example. A model that
suggests an insulin dose, an antibiotic, or an exercise plan is no longer producing text in the abstract; it is
producing an action whose downstream effect is bounded by physiology and measurable in harm [1]. The
deployment regime that follows from this is unforgiving. A system that is correct on average but occasionally
recommends a contraindicated bolus is not a useful system. The relevant quantity is not aggregate accuracy
but the rate of unsafe recommendations on the tail of the input distribution, together with whether each
recommendation can be audited after the fact by a clinician who was not in the room when it was generated.
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The dominant response in the literature has been to wrap the language model with progressively heavier
scaffolding: retrieval over curated corpora, chain-of-thought prompting, self-critique, tool use, and post-
hoc guardrails that filter outputs against rule lists. These additions are useful but they share a structural
property that limits how far they can go. The knowledge layer and the reasoning layer remain entangled
inside the same forward pass. When the system makes a wrong recommendation, it is often impossible
to say whether the error came from the retrieved evidence being incomplete, from the model misreading
a structured field, from a clinical rule that was never encoded, or from the composition step that fused
these signals. Auditability degrades in proportion to how tightly the layers are coupled, and high-stakes
deployment requires the opposite: layers that fail independently and visibly.

This paper argues for a different architectural posture for high-stakes clinical decision support. We
separate the system into four components that communicate through narrow, inspectable interfaces: a fact
extractor φ that turns a free-text scenario into a structured record f ; a compiled knowledge layer K that
returns evidence notes graded by strength; a rule layer R that evaluates hard contraindications and soft
clinical heuristics over f ; and a decision interface δ that composes f , the rule outputs H, and the evidence
list E into a decision support packet (dsp) that the language model is asked to render. The language model
still writes the final recommendation, but only after the non-language components have already determined
whether the case is blockable, what evidence applies, and which rules fired. We call this arrangement KRD

(Knowledge–Rule–Decision).
The knowledge layer K is the component most likely to be misread as “just retrieval-augmented

generation.” It is not. K is built as a compile-time artifact in the spirit of the LLM Wiki pattern recently
articulated by Karpathy [2]: a persistent, structured store that is written once by an LLM working from raw
clinical sources and then queried at run time without re-derivation. Karpathy’s gist describes this pattern
for personal and research knowledge bases; we adopt the same three-layer separation between immutable
raw sources, the compiled wiki, and a schema that governs how the wiki is maintained, and we extend it
to high-stakes settings by attaching evidence grades to every compiled concept and exposing the resulting
notes to the rule and decision layers through a typed interface. The framing throughout this paper is that we
build on the LLM Wiki pattern and extend it; KRD was designed after the gist appeared, not concurrently
with it.

We evaluate KRD on a benchmark of 32 type-1 diabetes scenarios spanning hard contraindications, soft
heuristics, and ambiguous edge cases. Five systems are compared: a pure language model (S1), a language
model with retrieval (S2), a rule-only system without language generation (S3), a light hybrid that combines
rules and an LLM without a compiled knowledge layer (S4), and the full KRD stack (S5). Five findings
frame the paper. First, a strict version of the unsafe-suggestion rate that requires keyword overlap with the
expected violation flag separates the five systems monotonically and cleanly: S1 at 0.867, S2 at 0.733, S3

at 0.267, and S4 and S5 at zero. Second, hard safety has a ceiling. S4 and S5 achieve identical scores on
the hard-violation subset, which means rule coverage—not the way rules are integrated with the language
model—fully determines hard safety. Third, on evidence trace completeness S5 reaches 0.448 against S4’s
0.359, a relative improvement of 25 percent; we describe this as directionally clear and borderline significant
given marginal confidence interval overlap. Fourth, on reviewer correction burden S5 reaches 0.845 against
S4’s 0.964, a relative reduction of 12 percent with confidence intervals essentially disjoint. Fifth, S5 consumes
17 LLM calls per benchmark pass against S4’s 32, a 47 percent reduction. The mechanism of this last finding
is the decision interface itself: δ’s compose method short-circuits to a rule-cited blocking dsp whenever
any hard violation fires, never invoking the language model on cases the rule layer can already settle. We
also report a deliberately honest negative result: removing the evidence gate from S5 leaves every metric
unchanged, because all 13 compiled knowledge concepts in our benchmark are graded A or B and no chain
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ever degrades to “insufficient.” This is a benchmark coverage limitation, not a design failure, and we say so
in Section 7.

2 Background

2.1 The High-Stakes Deployment Regime
A high-stakes setting is one in which the cost of a single wrong action is not absorbed by averaging over

many right ones. Three properties typically hold together. The action space contains at least one option whose
realisation is irreversible on the timescale at which the system operates; the input distribution has a non-
negligible tail of cases on which expert clinicians would refuse to act without additional information; and the
post-hoc reviewer is a human professional who must be able to reconstruct why the system did what it did,
using artefacts the system itself produced. None of these properties is captured by reporting an aggregate
accuracy number on a held-out test set. The first demands that the system have a meaningful refusal mode
rather than always returning a recommendation. The second demands that the system surface uncertainty
in a structured form that downstream consumers can act on. The third demands that the trace left behind
by the system be inspectable layer by layer, not as a single opaque generation.

These demands are hard to meet inside a monolithic prompt. A language model asked to retrieve
evidence, evaluate contraindications, and write a recommendation in one forward pass leaves a trace that
conflates the three. When a reviewer disagrees with the output, there is no clean place to attach the
disagreement. The architectural premise of this paper is that a system designed for the high-stakes regime
should make each of these three jobs visible as a separate object that can be inspected, rerun, and replaced
without retraining the others. The four components of KRD are an attempt at exactly that separation.

2.2 Type-1 Diabetes Management as a Benchmark Substrate
We use type-1 diabetes (T1D) management as the empirical substrate for two reasons. The first is that

T1D admits an unusually clean specification of hard contraindications. A continuous glucose monitor (CGM)
reading below 70 mg/dL with a falling trend forbids exercise without prior carbohydrate intake; insulin-on-
board (IOB) above a patient-specific threshold forbids an additional correction bolus; positive ketones in the
presence of hyperglycemia mandate a refusal-and-refer response rather than a dose suggestion. These rules
have crisp numerical preconditions and they are codified in widely accepted clinical standards [3,4]. They
translate directly into Python predicates over a structured fact record, which makes them suitable for the rule
layerRwithout ambiguity about what the “correct” rule is. The second reason is that T1D inputs are naturally
mixed: a free-text scenario from a patient or carer, a stream of CGM values, recent bolus history, planned
activity, and ketone status. This mixture is what makes the fact extractor φ a non-trivial component in its own
right and what makes the failure analysis in Section 7 interesting: when φ is degraded to a regex baseline, the
cases that break do so for a single, interpretable reason that we trace through the rest of the pipeline.

The benchmark used throughout this paper consists of 32 T1D scenarios, informed by the OhioT1DM
dataset structure [5]. Fifteen of these are hard-violation cases in which a known contraindication is present
and any system that returns a non-blocking recommendation has failed. The remaining seventeen are soft-
heuristic and ambiguous cases in which the right behaviour is to surface a relevant clinical concern and either
flag for human review or return a conservative recommendation with explicit caveats. Section 6 describes
how the benchmark was constructed, what fraction of scenarios was authored by a language model and
reviewed by the author, and what this means for the external validity of the results.
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3 Related Work

3.1 LLM-Based Clinical Decision Support and High-Stakes Evaluations
The first wave of work on language models in medicine focused on whether the models could pass

examinations and answer textbook questions [6,7]. The benchmarks that followed were aggregate-accuracy
benchmarks: a system that answered 80 percent of multiple-choice items correctly was considered to have
improved over one that answered 75 percent. This metric is the wrong shape for the deployment regime
described in Section 2.1. It rewards average competence and is silent about the tail. A recent line of work
has begun to push back, asking instead how often a clinical LLM produces a recommendation that a board
would refuse to endorse, how often it surfaces the relevant contraindication, and how reliably it abstains.
Our strict unsafe-suggestion rate is in this second tradition: it counts a response as safe only when the
system’s disclaimer text overlaps with the expected violation flag, not when the system simply hedges in
generic language.

3.2 Neuro-Symbolic Integration
Neuro-symbolic systems combine learned representations with symbolic reasoning, and a long litera-

ture has explored how to do so [8,9]. The taxonomy we find most useful is the principle-based one due to
Kautz [10], which distinguishes architectures by where the symbolic component sits relative to the neural
one rather than by what application they serve. KRD is a “symbolic” wrapper around a neural core in this
taxonomy: the language model is invoked from inside a decision pipeline whose control flow is symbolic,
rather than the language model invoking symbolic tools as helpers. This direction is the less common one
in current LLM work, where tool-using agents push in the opposite direction by giving the model control
over when and how to call symbolic helpers. Our position is that the high-stakes regime favours the inverted
arrangement because it gives the symbolic layer the authority to refuse a case [11] before the model is asked
to speak.

3.3 Retrieval-Augmented Generation and Rule-Based Filtering
Retrieval-augmented generation [12] attaches a neural retriever to a generator and lets the generator

condition on retrieved passages at inference time. The retrieved evidence is fresh on every query and is
never compiled into a persistent intermediate form. Rule-based filtering, in the form of guardrails [13] or
output classifiers, runs after the generator and either allows or replaces the generated output. Both techniques
are valuable and both are partially complementary to KRD. The point we want to make about them is
structural rather than dismissive: RAG keeps knowledge as a stream of passages re-fetched on every query,
and rule-based filters keep constraints as a post-hoc check on text the model has already produced. Neither
arrangement gives the rule layer the authority to suppress a model call before it happens, and neither
produces a persistent compiled knowledge artefact that the rule layer can read directly without going through
natural-language retrieval.

3.4 Compile-Time Knowledge Layers and Memory-Augmented LLMs
A more recent line of work treats the knowledge that an LLM-driven system needs as something to

be compiled rather than retrieved. The clearest articulation we are aware of is the LLM Wiki pattern of
Karpathy [2], which describes a three-layer arrangement between immutable raw sources, a persistent wiki
maintained by the LLM, and a schema that governs how the wiki is updated when new sources arrive.
The central observation in that gist is that the maintenance burden of a knowledge base—updating cross-
references, propagating contradictions, keeping summaries current—is precisely the work that humans
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abandon and that LLMs do cheaply, and that this asymmetry makes a compiled wiki viable in a way it has not
previously been. Memory-augmented LLM architectures [14,15] pursue a related intuition from a different
angle, treating the model’s working memory as a tier of a virtual memory system that can be paged in and out.
KRD’s knowledge layerK adopts the LLM Wiki arrangement directly: the raw clinical sources are immutable,
K is written once by an LLM working from those sources and is never modified at inference time, and the
schema that governs K’s structure encodes evidence grading and the typed interface through which R and
δ read from it. The extension we add for the high-stakes regime is to attach an explicit evidence grade to
every compiled concept and to expose those grades to the gate that governs whether δ is allowed to compose
a recommendation at all.

Recent peer-reviewed work on structured knowledge for LLMs provides useful points of contrast.
KGLM [16] grounds language model generations in knowledge graph entities at training time, producing
outputs that are faithful to a fixed graph; KRD’s K operates at inference time and does not require retraining
when the knowledge base is updated. MedRAG [17] retrieves medical passages per query and feeds them
into the generation prompt; K compiles evidence once and exposes it through a typed interface that the
rule layer can read without natural-language retrieval. Recent work has explored augmenting large language
models with structured rule-based reasoning for domain-specific applications in healthcare [18], integrating
symbolic constraints with neural generation. The extension that K contributes—attaching evidence grades
and exposing them to a gate that can suppress composition—is not present in any of these prior systems.

3.5 Research Gap
The gap that KRD addresses sits at the intersection of these threads. Existing clinical LLM systems either

hold the language model accountable for everything or wrap it in heavy post-hoc filtering. Existing neuro-
symbolic systems rarely target the deployment regime in which auditability is a hard requirement rather
than a desideratum. Existing RAG and guardrails work does not produce a compiled, inspectable knowledge
artefact that the rule layer can consult independently of the language model. And existing compile-time
knowledge work, including the LLM Wiki pattern, has not been instantiated and evaluated as the knowledge
backbone of a high-stakes decision system. KRD is an attempt to occupy that intersection and to ask whether
the architectural choice pays off on metrics that are sensitive to the things the high-stakes regime actually
cares about.

3.6 Classical Symbolic CDSS and What KRD Inherits
The “rules first, generation second” pipeline that KRD instantiates is not new in clinical decision

support. MYCIN [19] demonstrated in the 1970s that a production-rule engine coupled with certainty factors
could match specialist-level performance on antibiotic selection, and the Arden Syntax [20] standardised rule
authoring so that Medical Logic Modules could be shared across institutions. The OpenCDS framework [21]
extended this tradition into the era of electronic health records. KRD inherits the core commitment of this
lineage: that hard clinical constraints should be evaluated by an inspectable rule library before any generative
component is asked to speak.

What KRD adds is not the rule-first principle itself but three specific mechanisms. First, the knowledge
layer K is compiled by an LLM rather than curated by hand, which sidesteps the knowledge-maintenance
bottleneck that the Arden Syntax community called the “curly braces problem.” Second, the decision interface
δ implements the short-circuit as an architectural branch rather than a post-hoc filter: the language model
is structurally unreachable on cases the rule layer has already settled. Third, KRD recovers the rule-first
discipline for the LLM era and assigns the language model the one job that classical CDSS could not do
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well—rendering a structured evidence trace into a natural-language recommendation that a clinician can
read, edit, and sign.

4 The KRD Architecture

4.1 Design Rationale
The four components of KRD are chosen so that each one is responsible for a single, inspectable job

and so that the interfaces between them are narrow enough to swap implementations without retraining
the others. The fact extractor φ owns the boundary between unstructured input and structured fact records.
The knowledge layer K owns the relationship between facts and graded clinical evidence. The rule layer R
owns the evaluation of hard contraindications and soft heuristics over fact records. The decision interface δ
owns the composition of these intermediate artefacts into a recommendation. None of the four components
is allowed to do another’s job. φ does not consult clinical evidence; K does not evaluate rules; R does not
write recommendations; δ does not extract facts. The discipline pays for itself in two places: the system fails
in identifiable layers, and individual layers can be replaced without disturbing the rest of the pipeline.

4.2 Architectural Overview
A scenario enters the system as free text. φ reads the text and returns a structured fact record f together

with a confidence score and a list of fields it could not fill. R evaluates its hard and soft predicates over f and
returns a pair H = (rul e_hits, rul e_viol ations).K returns an evidence list E keyed on the concepts present
in f and H. A gate function consumes E and H and produces a confidence bucket g ∈ {sufficient, insufficient}.
The decision interface δ composes ( f , H, E , g) under a fixed parameter set Θ and emits a decision support
packet (dsp). Fig. 1 shows the data flow and the three branches of δ that determine whether the language
model is invoked at all.

Figure 1: The KRD architecture. A free-text scenario flows through the fact extractor φ into the structured record
f , which is consumed in parallel by the rule layer R and the compiled knowledge layer K. The decision interface δ
composes their outputs into a decision support packet (dsp) through one of three branches: hard-block and insufficient-
evidence both produce a dsp without invoking the language model; only the normal-composition branch issues an LLM
call. The 47 percent reduction in LLM calls reported in Section 7 is a direct consequence of the first branch.

4.3 Fact Extraction (φ)
φ maps the free-text scenario to a typed dictionary of clinical fields: current CGM, CGM trend, time

since last bolus, insulin on board, planned exercise duration and intensity, planned carbohydrate intake,
ketone status, twenty-four-hour time-below-range, and a small number of patient parameters such as the
maximum permitted bolus. The default implementation of φ is an LLM call constrained to a JSON schema;
the ablation baseline is a regular-expression extractor that targets the same schema by pattern. φ returns
the fact record together with an explicit list of missing fields and a confidence score equal to the fraction of
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expected fields successfully populated. The downstream components are designed to read this confidence
and to treat missing fields as “unknown” rather than “absent.”

4.4 Knowledge Layer (K)
K is a compile-time artefact in the sense of Karpathy [2]: it is written once by an LLM working from raw

clinical sources and is never modified at inference time. Each entry in K is an evidence note attached to a
clinical concept (for example, exercise-induced hypoglycemia, insulin stacking, ketone-positive hyperglycemia).
An evidence note carries a short textual summary, a list of the source documents from which it was compiled,
and an evidence grade from a four-level scheme corresponding loosely to high, moderate, low, and very-low
confidence [22]. The benchmark in this paper compiles 13 such concepts; all 13 receive an A or B grade, which
is a benchmark coverage limitation we discuss in Section 7.

The choice to compile K rather than retrieve from a corpus at run time is the architectural commitment
we share with the LLM Wiki pattern. The maintenance burden that has historically defeated curated medical
knowledge bases is precisely the work that an LLM does cheaply, and the benefit of paying that cost once at
compile time is that the rule layer R and the gate that feeds δ can read K through a typed interface without
going through natural-language retrieval. A misread of K at run time is impossible in the way that a misread
of a retrieved passage is possible: the entry either exists for the requested concept or it does not, and if it
exists its grade is a structured value that the gate can compare against a threshold.

4.5 Rule Layer (R)
R is a small library of Python predicates over f . Hard predicates encode contraindications whose

violation should always block a recommendation: exercise with a falling CGM below threshold, an additional
correction bolus when insulin on board exceeds a patient parameter, any recommendation in the presence of
positive ketones with hyperglycemia, a bolus suggestion exceeding the maximum permitted dose, and several
others. Soft predicates encode heuristics that should surface a clinical concern without necessarily blocking:
trends that deserve a caveat, missing fields that warrant a clarifying question, and patterns that historically
correlate with downstream problems. The rule layer is intentionally small and intentionally hand-written.
We do not learn the rules, and we do not attempt to extract them automatically from clinical guidelines,
because the value of R in the high-stakes regime is exactly that its content can be reviewed and amended by
a clinician without consulting a model, in the tradition of well-validated clinical decision rules such as the
Ottawa ankle rules [23].

4.6 Decision Interface (δ) and Evidence Gate
δ is the component where the architectural commitments of KRD pay off most visibly. Its compose

method is a three-branch function whose branches are evaluated in a fixed order. The first branch checks
whether H contains any hard violations. If it does, δ constructs a blocking dsp directly from the rule citations
in H and returns without ever invoking the language model. The second branch checks the gate output g. If
g is insufficient—if the evidence list E does not cover the relevant concepts at the required grade—δ returns
a refusal dsp that names the missing evidence and again does not invoke the model. The third branch is the
normal composition path: a prompt is built from f , H, E, and the gate’s verdict, the language model is asked
to write the recommendation, and the resulting text is attached to a dsp together with the structured trace.

The order of these branches is the architectural source of the cost finding reported in Section 7. Cases in
which the rule layer has already established that no recommendation is permissible never reach the language
model at all. The rule layer is also the only place in the system where the responsibility for hard safety lives: a
rule that is missing from R is a hard failure that no amount of careful prompting in branch three can recover.
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This division is deliberate. Hard safety should be the property of an inspectable rule library, not an emergent
property of how the language model happens to be prompted.

4.7 What KRD Is and Is Not
KRD is a deployment architecture, not a learning algorithm. Nothing in the four components is trained

end-to-end; the only learned object in the system is the language model that δ calls in branch three, and that
model is used as a fixed black box. KRD is also not a substitute for the rule library that lives inside R. The
architecture provides the discipline of layer separation and the mechanism for routing cases away from the
language model when the rule layer can settle them, but the clinical content of the rules and the grading of
evidence are work that must be done by a domain expert. What KRD contributes is the claim that, given a
rule library and a compiled knowledge layer of comparable quality to what a careful clinician could review,
the architectural arrangement of those components matters in measurable ways: in auditability, in reviewer
correction burden, and in the cost of running the system at scale.

5 Benchmark and Metrics
The benchmark comprises 32 type-1 diabetes scenarios. Fifteen are hard-violation cases in which a

known contraindication is present in the scenario text and the correct system behaviour is to block any
recommendation while citing the violated rule. The remaining seventeen combine soft-heuristic cases, in
which a clinical concern should be surfaced in the response, and ambiguous cases, in which the right
behaviour is to ask for clarification or return a conservative recommendation. Each scenario is paired with an
expected violation flag when applicable, an expected list of soft hits, and a reference response written by the
author. We evaluate six metrics on this benchmark; all six are reported with bootstrap 95 percent confidence
intervals [24] computed from 103 resamples.

5.1 Strict Unsafe-Suggestion Rate (USR)
The unsafe-suggestion rate has typically been measured as the fraction of responses that lack a

disclaimer. We argue that this is too lenient: a generic hedge such as “please consult your physician” counts
as safe under the lenient definition even when the response itself recommends a contraindicated action. The
strict version of usr we adopt here counts a response as safe only when its disclaimer text contains keyword
overlap with the expected violation flag for that scenario. Strict usr is the fraction of scenarios on which the
system fails this test; lower is better.

5.2 Rule Violation and Rule-Cited Intercept Rates
The rule violation rate rvr is the fraction of hard-violation scenarios on which the system returns a

non-blocking recommendation. The complementary metric rcir is the fraction of hard-violation scenarios
on which the system both blocks the action and explicitly cites the rule that triggered the block.

5.3 Soft Rule Interception Rate (SRI)
sri is introduced in this paper. It measures, on the subset of scenarios for which a soft rule should fire,

the fraction on which the system surfaces the rule somewhere in its trace. sri sharply separates rule-aware
systems from purely generative ones, but it does not distinguish KRD from the light hybrid S4; both score 1.0.
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5.4 Evidence Trace Completeness (ETC) and Reviewer Correction Burden (RCB)
etc measures how completely the system’s trace exposes the evidence that justified its recommendation.

RCB measures the cost a clinician would pay to convert the system’s output into a recommendation they
would sign their name to. Both are imperfect proxies for what we ultimately care about but they are
reproducible and they correlate with the qualitative observations we made while building the benchmark.

We note that rcb can be read as a proxy for the downstream cost of automation bias [25]. When a
clinician receives a system-generated recommendation, the effort required to detect and correct its errors
is precisely the surface on which over-reliance operates. δ’s short-circuit branch addresses this at the
architectural level: on cases routed through branch one (hard-block), no LLM-generated recommendation
exists for the clinician to over-rely on. The blocking dsp contains only rule citations, which are verifiable
by inspection.

5.5 API Call Audit
We record for every system the number of language model calls issued over a single benchmark pass,

the mean and 95th-percentile latency, and the total prompt and response character counts. Section 7 reports
this audit as a finding in its own right.

6 Experimental Setup
Systems compared.

Five systems are evaluated. S1 is the language model called directly on the scenario text with no
scaffolding. S2 adds retrieval over T1D guideline excerpts. S3 is rule-only. S4 is a light hybrid with no
compiled knowledge layer and no short-circuit branch. S5 is the full KRD stack.
Language model backbone.

All systems use glm-4-flashx [26] at temperature 0.2.
Seeds and reproducibility.

Main results at seed 42; replicated at seed 7 with identical point estimates to three decimal places.
Bootstrap procedure.

Nonparametric bootstrap with 103 resamples; percentile intervals rounded to three decimal places.
Benchmark construction and disclosure.

Of 32 scenarios, 15 were authored by the author and 17 were drafted by a language model then reviewed,
edited, and labelled by the author. All labels were reviewed by the author only, not by an independent board-
certified endocrinologist.
Ablation systems.

S5_noK, S5_noR, S5_noGate, and S5_dumbPhi.
Implementation parity between S4 and S5.

S4 is not an independently engineered baseline; it is a precise architectural subset of S5. The two
systems share the same fact extractor, the same rule layer, the same LLM backbone, and the same prompt
template—with the sole difference that S4’s prompt omits the evidence-note fields that K would supply and
that S4’s compose method is equivalent to branch three of δ.compose, executed unconditionally on every
scenario. Any performance difference between S4 and S5 therefore reflects the architectural presence of K
and the short-circuit branch, not implementation asymmetry.
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Implementation.
KRD is implemented in Python 3.10. All experiments were conducted on Ubuntu 24.04 and

independently verified on Windows 11. The pipeline runs in a single process with no local GPU requirement;
the only external dependency is the Zhipu API for glm-4-flashx calls. Temperature 0.2 was chosen to
obtain near-deterministic outputs while retaining minimal sampling diversity.
Benchmark and OhioT1DM.

The OhioT1DM dataset [5] provides CGM time-series for glucose prediction; our benchmark requires
free-text clinical vignettes with explicit contraindication labels, which OhioT1DM does not supply. The
scenarios are informed by the clinical parameters in OhioT1DM but are not drawn from it.
Reporting standards.

This evaluation is a pre-deployment assessment on synthetic clinical vignettes, not a clinical trial.
Among existing reporting guidelines, DECIDE-AI [27] is the closest match. We adopt its spirit in our
disclosure of benchmark construction, labelling provenance, and the absence of independent clinical review.
A DECIDE-AI self-assessment checklist is provided in Supplementary Material C.

7 Results
We organise the results around five empirical findings and a sixth robustness check.

7.1 Main Comparison
The strict version of usr stratifies the five systems monotonically (Table 1). S1 fails on 0.867 of scenarios,

S2 on 0.733, S3 on 0.267, and both S4 and S5 on zero.

Table 1: Main 5-system comparison on the 32-scenario T1D benchmark at seed 42. Strict usr stratifies the five systems
monotonically. S4 and S5 reach the hard-safety ceiling together. S5 leads on etc and rcb; CI analysis is discussed in
the text and treated as directionally clear, borderline significant.

System usr rvr rcir sri etc rcb
S1 0.867 [0.667, 1.000] 1.000 [1.000, 1.000] 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.976 [0.940, 1.000]
S2 0.733 [0.500, 0.933] 1.000 [1.000, 1.000] 0.000 [0.000, 0.000] 0.100 [0.000, 0.308] 0.333 [0.234, 0.448] 0.952 [0.900, 0.989]
S3 0.267 [0.067, 0.500] 0.333 [0.091, 0.579] 0.733 [0.500, 0.933] 1.000 [1.000, 1.000] 0.000 [0.000, 0.000] 0.988 [0.959, 1.000]
S4 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 0.359 [0.250, 0.479] 0.964 [0.919, 1.000]
S5 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 0.448 [0.328, 0.568] 0.845 [0.756, 0.912]

On the hard-violation subset, rvr and rcir tell the same story. S4 and S5 block all hard-violation
scenarios and cite the rule on all of them. The first observation is the hard-safety ceiling. Once a system
has a rule layer whose coverage is complete, integrating that rule layer with a language model does not buy
additional hard safety.

The two metrics on which KRD pulls ahead are etc and rcb. On etc, S5 reaches 0.448 against S4’s
0.359, a relative improvement of 25%. Under paired bootstrap over per-scenario differences (N = 10,000),
the mean delta is +0.089 with 95% CI [−0.068,+0.245] and Cohen’s d = 0.19; the difference is directionally
clear but does not reach significance. On rcb, S5 reaches 0.845 against S4’s 0.964, a relative reduction of
12%. Under the same paired procedure, the mean delta is −0.149 with 95% CI [−0.250,−0.066] and Cohen’s
d = 0.63 (medium-large effect); this difference is statistically significant, with the confidence interval exclud-
ing zero. We report etc as directionally supportive and rcb as significant under paired comparison. Fig. 2
visualises these results as a forest plot across all six metrics.
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Figure 2: Forest plot of the six metrics across the five systems on the 32-scenario benchmark at seed 42. Point estimates
are shown with bootstrap 95% confidence intervals from 103 resamples. The top row (USR, rvr, rcir) measures safety;
the bottom row (sri, etc, rcb) measures auditability and reviewer cost. S5 and S4 coincide on the safety metrics and
separate on etc and rcb; the separation is directionally clear and described as borderline significant in Section 7.1.

7.2 Layer-Wise Ablation
The ablation in Table 2 confirms the architectural roles (see also Fig. 3). Removing K collapses etc to

zero while leaving every safety metric untouched. Removing R returns rvr to 1.0. R is the sole source of
hard safety in the pipeline.

Table 2: Layer-wise ablation of S5 at seed 42. Removing K collapses etc to zero while leaving hard safety intact.
Removing R returns rvr to 1.0. S5_noGate is identical to S5_full: the evidence gate is inert (Section 7.5).
S5_dumbPhi degrades rvr and rcir substantially.

Variant usr rvr rcir sri etc rcb

S5_full
0.000 [0.000,

0.000]
0.000 [0.000,

0.000]
1.000 [1.000,

1.000]
1.000 [1.000,

1.000]
0.448 [0.328,

0.568]
0.845 [0.756,

0.912]

S5_noK
0.000 [0.000,

0.000]
0.000 [0.000,

0.000]
1.000 [1.000,

1.000]
1.000 [1.000,

1.000]
0.000 [0.000,

0.000]
0.833 [0.752,

0.904]

S5_noR
0.867 [0.667,

1.000]
1.000 [1.000,

1.000]
0.000 [0.000,

0.000]
0.000 [0.000,

0.000]
0.448 [0.328,

0.568]
0.976 [0.938,

1.000]

S5_noGate
0.000 [0.000,

0.000]
0.000 [0.000,

0.000]
1.000 [1.000,

1.000]
1.000 [1.000,

1.000]
0.448 [0.328,

0.568]
0.845 [0.756,

0.912]

S5_dumbPhi
0.133 [0.000,

0.333]
0.333 [0.091,

0.579]
0.733 [0.500,

0.933]
1.000 [1.000,

1.000]
0.359 [0.255,

0.469]
0.833 [0.753,

0.900]
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Figure 3: Layer-wise ablation of S5 on four representative metrics. Removing K collapses ETC while leaving
safety metrics untouched; removing R returns USR and RVR to their rule-free baseline; S5_noGate is visually
indistinguishable from S5_full on every bar, which is the honest negative result discussed in Section 7.5; S5_dumbPhi

introduces a partial regression on rvr that is traced to fact extraction in Section 7.4.

7.3 Computational Cost as an Architectural Finding
S5 issues 17 language model calls over a benchmark pass against S4’s 32, a 47% reduction (Table 3).

The mechanism is the first branch of δ.compose: scenarios on which R returns a non-empty violation list
never reach the language model. The 32 scenarios include 15 hard-violation cases; the rule layer fires on all
15, leaving 17 for the language model. The arithmetic is exact and architecturally determined, not empirical.

Table 3: API call audit over a single 32-scenario benchmark pass. S5 issues 17 LLM calls against S4’s 32 (47% reduction).
The mechanism is the hard-block branch of δ.compose (Section 4.6).

System # LLM Calls Mean Lat. (s) p95 Lat. (s) Prompt Chars Resp. Chars
S1 32 1.91 2.65 22,120 12,967
S2 32 3.00 3.64 72,249 21,671
S4 32 1.88 2.51 65,625 12,529
S5 17 2.51 3.14 71,396 9866

phi_LLM 64 2.93 3.77 72,848 28,279

7.4 Fact Extraction as the Operative Bottleneck
When φ is replaced by a regular-expression baseline, S5_dumbPhi reports rvr of 0.333 and rcir

of 0.733. Five scenarios drive the entire degradation (Table 4; see also Fig. 4), all failing at the same
field:exercise_planned_min. Of the five, T1D_011 is still blocked because its CGM value of 65 mg/dL
triggers HYPO_CONTRA as defense in depth; the other four are unblocked.

7.5 Honest Negative Result: The Evidence Gate
Removing the evidence gate produces S5_noGate, identical to S5_full on every metric. The gate is

inert because the benchmark’s 13 compiled knowledge concepts are all graded A or B. We report this as a
benchmark coverage limitation, not a design failure.

7.6 Inter-Seed Robustness
Point estimates at seed 7 are identical to three decimal places on every metric. The system is effectively

deterministic on this benchmark.
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Table 4: Case-by-case behaviour of S5_dumbPhi on the five divergent scenarios. All failures share a single root cause:
the regex cannot recover exercise_planned_min. T1D_011 is rescued by HYPO_CONTRA (defense in depth).

Case Expected Violation Failed Field S5_full S5_dumbPhi

T1D_005 EXERCISE_HYPO Exercise_planned_min Blocked Unblocked
T1D_011 EXERCISE_HYPO Exercise_planned_min Blocked Blocked†

T1D_023 EXERCISE_HYPO Exercise_planned_min Blocked Unblocked
T1D_027 EXERCISE_HYPO Exercise_planned_min Blocked Unblocked
T1D_031 EXERCISE_HYPO Exercise_planned_min Blocked Unblocked

Note: † Blocked by HYPO_CONTRA (CGM 65 < 70 mg/dL), not by the intended EXERCISE_HYPO rule. Defense
in depth.

Figure 4: Causal chain of the dumbPhi failures. The regex extractor fails on the same field, exercise_planned
_min, in all five cases. Four cases are unblocked because no other rule covers the violation. T1D_011 is blocked by a
parallel chain through HYPO_CONTRA on its CGM value of 65 mg/dL, illustrating defense in depth.

8 Discussion

8.1 What Hard-Safety Equivalence between S4 and S5 Actually Means
S4 and S5 reach the hard-safety ceiling together. A reader who stops at this row would conclude the

architectural commitments are unjustified. The right reading is the opposite: hard safety has a ceiling, and
once a benchmark’s hard-violation subset is fully covered by the rule library every system that contains that
rule library will reach it together. The honest question is whether KRD pays off on the metrics that are not
at the ceiling, and on etc, rcb, and the API call audit it does [28,29].

When R is incomplete—when a hard violation exists that no rule encodes—both S4 and S5 degrade
to LLM-only handling of that case. The degradation is symmetric on safety metrics but not on auditability:
S5 still supplies the evidence trace from K, and a clinician reviewing the output would see the evidence
notes and the absence of a rule hit—a structured signal that the case fell outside the rule library’s coverage.
Validating this structural argument requires a benchmark with deliberately incomplete rules, which we flag
as future work.

8.2 The Fact Extractor Is the Bottleneck
The dumbPhi result locates the bottleneck at φ. The deployment consequence: a team deploying KRD

should treat φ as a first-class component subject to its own regression tests and should be unwilling to
substitute a cheaper extractor without rerunning the hard-safety metrics.
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8.3 The Evidence Gate Negative Result, Taken Seriously
The gate is doing exactly the work it was designed to do; it simply has no occasion to act on this bench-

mark. The natural follow-up benchmark is one whose concept distribution is deliberately heterogeneous in
evidence grade.

8.4 Toward Layer-Wise Auditability as a Design Discipline
The present evaluation treats KRD as a standalone agent. A stronger test would embed it in a human–AI

team and measure accept/edit/override rates as first-class outcomes. The three branches of δ.composemap
naturally onto this framing: branch one corresponds to system override (block), branch three produces a
clinician-editable recommendation, and the evidence trace supports the edit decision. Recent frameworks for
evaluating human–AI team intelligence—including TRIAD [30] and CLIX-M [31]—provide the evaluation
vocabulary that a team-level study of KRD would need. We flag this as the most important direction for
future evaluation.

The fact extractor is the bottleneck. The rule layer is the safety floor. The compiled knowledge layer is the
source of auditability. The decision interface is where the short-circuit lives. These four roles being explicit,
separable, and independently inspectable is the property we are asking the reader to take away.

9 Limitations
The benchmark is small. Thirty-two scenarios is enough to produce clean five-way separation on strict

usr but not enough to make the etc and rcb differences statistically significant.
The language model backbone is fixed (glm-4-flashx, temperature 0.2). Cross-backbone robustness

is untested.
The domain is single. T1D is well-suited but a single domain cannot demonstrate cross-domain transfer.
Seventeen of 32 scenarios were drafted by a language model and reviewed by the author. Any such

benchmark risks being easier for models from the same family.
All labels were reviewed by the author only, not by an independent board-certified endocrinologist. This

is the most important single limitation of the present evaluation.

10 Conclusion
KRD is an architecture for high-stakes clinical decision support that separates the responsibilities of

fact extraction, compiled clinical knowledge, rule evaluation, and recommendation composition into four
components that fail and can be inspected independently. On a 32-scenario type-1 diabetes benchmark
we showed that a strict unsafe-suggestion rate stratifies five candidate systems cleanly, that hard safety has
a ceiling reached together by any system whose rule library covers the violation set, that KRD leads a
comparable light hybrid on evidence trace completeness and reviewer correction burden by margins that
are directionally clear and borderline significant, and that KRD issues 47% fewer language model calls per
benchmark pass because the short-circuit branch in its decision interface routes hard-violation cases away
from the model entirely. We also reported honestly that the evidence gate is inert on this benchmark because
all compiled concepts are graded A or B, and we located the operative bottleneck of the pipeline at the fact
extractor through a case-by-case analysis of five regex baseline failures. The right way to read the paper is
not as a claim that KRD is the right architecture for all high-stakes settings but as a claim that layer-wise
auditability is a design discipline worth taking seriously, and that on the metrics this discipline was supposed
to help with, in this domain, against this comparison set, it did.
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