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Abstract

Background
To determine whether explicit evidence-admission requirements change latency rankings and the
evidence selected for clinical review in clinical question answering.

Methods
MedRouteGuard checks provenance, temporal validity, conflict preservation, and dependency freshness
for complete answer-and-evidence routes. We replayed 2,541 routes for 847 clinician-authored questions
and compared rankings with admission labels enforced or ignored while holding executions fixed.
Supporting evaluations included a blinded 320-route label audit, a matched deployed-system
comparison, and an independent public medication-safety workload with 326 held-out questions and
blinded review of 180 paired packets.

Results
Admission changed 61/847 (7.2%) route winners and shifted retrospective-oracle 95th-percentile
request-to-first-generated-token latency from 2.89 to 3.24 s. Specialist validation yielded 92.3% sensitivity
and 93.3% specificity. The independent workload showed 21/326 (6.4%) winner changes. Admission-
selected packets had 7/180 versus 18/180 material evidence-validity errors (paired difference, -6.1
percentage points; 95% confidence interval, -10.4 to -1.9); among 14 output-discordant pairs, errors were
2/14 versus 13/14. Matched deployed first-token P95 was 3.24 versus 4.18 s, with 98.9% versus 98.5%
answered coverage.

Conclusions
Evidence-task eligibility altered benchmark rankings and reviewed packets. First-generated-token timing
is an internal processing milestone; the retrospective results do not establish patient benefit. Clinical
latency benchmarks should specify route-admission rules. A public, offline companion artifact supports
inspection of these evaluation rules.

BACKGROUND
Clinical question answering supports evidence review only when an answer can be inspected in its
clinical and temporal context. A fast route that omits support, crosses a requested time boundary,
suppresses a registered contradiction, or reuses stale evidence may complete a different task from a
route that returns a valid answer-and-evidence packet. Treating these routes as interchangeable can turn
an evidence-validity failure into an apparent performance gain.
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Retrieval-augmented generation (RAG) has improved medical question answering through long-context,
rationale-guided, specialty, and multi-step retrieval.[1–4] ClinicalMind demonstrates the use of large
language models and knowledge graphs for real-time clinical analytics.[5] These advances motivate
evaluating which completed evidence tasks should qualify for comparison when reporting the speed of a
clinical information system.

Existing methods address important parts of this question. Grounding metrics and selective prediction
assess executed outputs or answer/abstain decisions.[6, 7] Database provenance and temporal data
management formalize lineage and time.[8–10] Question routing and ontology-guided agent memory
improve the allocation of retrieval and context resources.[11, 12] EviDex makes continuously updated
evidence paths auditable and freshness-aware, while FoggyCache studies approximate computation
reuse.[13, 14] These mechanisms inform route design; eligibility of the complete clinical answer-and-
evidence task remains a separate benchmark decision.

Study objective
We evaluated whether an explicit evidence-admission rule changes latency rankings and the evidence
selected for clinical review. MedRouteGuard requires provenance, temporal validity, conflict preservation,
and dependency freshness before a completed route receives benchmark credit. Its primary fixed-
candidate experiment compares identical executions with admission labels enforced or ignored.
Supporting studies assess label validity, recurrence in an independent public medication-safety workload,
matched deployment performance, and output quality. Additional file 1 provides extended methods,
results, and technical context.

METHODS

Study design
We conducted a retrospective evaluation with five prespecified evidence blocks (Table 1). Maintained-
service question construction and benchmarking covered 1 January through 31 December 2024. A
chronologically later public medication-safety workload tested transfer. The intended use was bounded
evidence review by a qualified analyst or clinician; no model output was returned to care teams. The
primary estimand was whether enforcing evidence-task membership changed the median-latency route
winner and the P95 request-to-first-generated-token latency over a fixed candidate pool.

The five blocks separated distinct claims rather than treating all comparisons as evidence for one
omnibus endpoint. The fixed-candidate block identified the membership effect within one execution
universe. The label audit compared that deterministic membership object with a specialist standard. The
independent workload tested recurrence under a later question distribution and a separately constructed
public evidence graph. The matched deployment block evaluated operational performance inside a
shared admission contract, while the output-quality block assessed a study-specific text-retrieval
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comparator. This separation prevents performance differences between independently configured
systems from being mistaken for the controlled membership effect.

Table 1
Prespecified evidence blocks, contrasts, and analysis units

Block Population and contrast Primary analysis unit and
endpoint

Route
membership

847 questions; 2,541 fixed question–route
candidates; admission labels enforced versus
ignored

Question; route-winner change
and paired P95 difference

Label validity 320 clause-enriched routes; deterministic
admission label versus blinded specialist
standard

Route; sensitivity and
specificity

Medication
safety

326 held-out questions and 978 fixed
candidates; 180 paired frozen packets

Question; winner change and
paired material-error difference

Matched
deployment

847 questions; MedRouteGuard versus
OfflineGraph-Tuned under a shared evidence
contract

Question; paired P95 difference
and answered coverage

Output quality 500 questions; MedRouteGuard versus
TextRAG

Question for acceptability;
evidence unit for provenance

System and admission boundary
Each request was compiled into linked entities, relations, a requested time scope, and an evidence-output
policy. Three route families were available: graph-first, hybrid graph-and-text, and text fallback. The
maintained evidence graph stored source locations, temporal intervals, registered conflict groups, and
dependency watermarks for cached or derived objects.

The locked 31 December 2024 graph contained 1,521,847 nodes, 3,814,293 evidence edges, and 412,058
derived edges assembled from public biomedical documents and a governed de-identified clinical-data
component. At ingestion, a resolvable source required a stable identifier and a document span or
governed-record locator. Missing or contradictory dates remained unknown. Conflict groups linked
normalized claims sharing a subject and relation but differing in polarity, value, recommendation, or
population. Every cached subgraph or summary retained the transitive closure of source versions, graph-
edge update sequences, and conflict identifiers on which it depended.

Admission protected the complete answer-and-evidence route with four conjunctive clauses. Provenance
required resolvable support for every answer-bearing claim. Temporal validity required every used
evidence object to intersect the requested time scope. Conflict preservation required every registered
answer-relevant contradiction to be returned or explicitly flagged. Freshness required a complete
dependency closure with no version beyond the stored watermark. Missing metadata produced an
unknown-state rejection rather than a favorable default.
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An answer-bearing claim was a minimal proposition asserting an entity–relation–value or polarity,
recommendation, population qualifier, time statement, or quantitative result. Conjoined clauses were
separated when their support, polarity, population, or time could differ. The generation record retained
each claim and its evidence identifiers; a deterministic round-trip pass then matched visible assertions to
retained claims. Graph evidence aligned only when normalized subject, relation, polarity or value,
population, and temporal fields agreed. Any unmatched assertion, unresolved source, incomplete conflict
status, or missing dependency failed the applicable clause and remained visible in the diagnostic record.

Pre-execution admission tested route capabilities and reusable state. A latency model ranked only pre-
admissible candidates. Post-execution admission tested returned evidence, claim–evidence alignment,
conflict coverage, and a final watermark. Formally, final admission was

The system buffered output until post-admission. If a route failed, it attempted the next candidate
without restarting the original request clock. Request-to-first-generated-token was the historical
timestamp of the first token generated by the route that ultimately passed; it was not user-visible release
latency.

All answer generation used Azure OpenAI GPT-4-Turbo (gpt-4-1106-preview) through the Azure OpenAI
API, with temperature 0.2, a 128K context window, and a maximum of 2,048 output tokens. The evidence-
bounded prompt supplied the question, temporal scope, retrieved evidence identifiers and content, and
registered conflict flags, and required claim-linked support in the returned packet. The model version and
prompt bundle were locked on 31 December 2024 for the maintained-service benchmark; corresponding
configurations and representative prompts are archived with the code. The admission decision was
deterministic and did not use a learned probability score, so probability calibration was not applicable.
The execution and fixed-candidate evaluation workflow is shown in Fig. 1.

Fixed-candidate intervention
For each of 847 clinician-authored questions, the compiler enumerated all three route families before
replay, yielding 2,541 candidates. Each candidate received one excluded warm-up and five measured
attempts, for 12,705 scheduled measurements. Graph snapshot, prompt bundle, generator version, Azure
workers, cache state, gate computations, randomized request blocks, and concurrency were fixed. Eleven
measurements (0.09%) remained missing after retry; every question retained analyzable candidates.
Candidate latency was the median across successful measured replays.

The prespecified every-successful-replay rule admitted a candidate only if every successful measured
replay passed all four clauses. The retrospective gate-on oracle selected the fastest admitted candidate
median; the gate-off oracle selected the fastest completed candidate median while retaining gate-
computation time. Thus, the intervention changed membership labels, not executions, timing
instrumentation, or candidate availability. Four-of-five and majority-label rules were sensitivity analyses.

AdmqPr = PreAdmqt (P) ∧ PostAdmqPtr.
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The clock began at original request acceptance. Complete-answer ended after the final generated token
and claim alignment; complete-evidence ended after every evidence object and diagnostic had been
validated and serialized. Evidence assembly and generation could proceed in parallel. A terminal scoped-
insufficiency response was timed for deployed coverage analyses but did not receive admitted-route
credit. In the fixed-candidate primary cohort, every question retained a gate-on route, so terminal no-
answer latency did not enter either retrospective P95.

Clinical validation and independent medication-safety evaluation
The held-out label audit contained 320 candidate routes, 80 enriched for each admission clause.
Specialists blinded to the system label judged whether the returned packet was clinically valid for the
specified clause and available metadata. The reference class for sensitivity was a clinically invalid route
that should be rejected.

Sampling was stratified by clause, system decision, and severity to estimate label validity rather than
natural prevalence. Two specialists independently reviewed each route. Disagreement on clause validity
or material severity triggered a third adjudication before unblinding. Sensitivity, specificity, predictive
values, false-admission rate, and false-rejection rate were calculated from the adjudicated route labels.

The independent workload used time-versioned FDA labeling, ClinicalTrials.gov records, and open-access
biomedical literature.[15–17] A separate team screened 451 questions, excluded 29 duplicate, non-time-
indexed, or non-adjudicable questions, used 96 earlier questions for development, and held out 326
questions after 1 July 2025. Three route families yielded 978 fixed candidates, evaluated with the same
replay and gate-on/gate-off design.

A prespecified stratified sample of 180 held-out questions entered a blinded two-period crossover review.
Each condition used the successful frozen packet nearest the selected route’s median latency; identical
selected routes reused the same frozen output. Ten medication-safety clinicians each reviewed 36 pairs
in counterbalanced order after a one-week washout. Every output received two primary ratings;
disagreements on material error, unsafe omission, acceptability, or severity triggered adjudication by a
third clinician. A material evidence-validity error was an out-of-window, conflict-suppressing, or
unsupported evidence defect capable of changing the review conclusion, urgency, contraindication
assessment, or dose decision.

The 180 questions comprised 41 drug-interaction, 38 contraindication, 34 dose-adjustment, 32 warning-
temporal, and 35 evidence-conflict questions. Reviewers saw the question, frozen answer, and evidence
packet but not the route, gate label, latency, or condition. Applicability of contradiction visibility and
temporal-scope endpoints was fixed independently from the indexed reference standard. Missing rating
fields could not be submitted; no primary rating was missing.

Supporting deployed and output-quality evaluations
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The matched deployed comparison used the same 847 questions, evidence graph, admission contract,
Azure worker classes, Redis cache budget, and endpoint protocol. MedRouteGuard selected among the
three pre-admissible families; OfflineGraph-Tuned used a fixed graph-first serving policy with tuned Neo4j
hints and ColBERT-based linking. A blinded 240-question audit checked whether latency differences were
compatible with output quality.

The deployment used five Azure Standard E32ads v5 Neo4j workers, two Standard E16ads v5 query-
service workers, one Standard NC24ads A100 v4 vector-index worker, and a 64-GiB Redis cache. Timed
endpoints included request-to-first-generated-token, complete answer, and complete evidence. Coverage
retained all 847 questions; failures remained in request-level failure reporting even when another replay
for the question succeeded.

For the separate output-quality block, five board-certified specialists reviewed 500 unique questions and
one output from MedRouteGuard and TextRAG, presented as 1,000 blinded single-answer packets. Three
independent ratings per output assessed correctness, completeness, safety, and actionability. Overall
acceptability was judged separately by at least two of the three reviewers, based on task fulfilment,
supported key conclusions, and absence of consequential error or serious safety defects; safety
disagreements underwent independent adjudication. Provenance precision and recall used returned
evidence units. A separate 200-question audit classified citation-error mechanisms.

Statistical analysis and ethics
P50, P95, and P99 latency used question-level candidate medians. Confidence intervals used 1,000
paired bootstrap resamples of question identifiers with measured replays resampled within question.
Acceptability used paired risk differences and exact McNemar tests. Label-validity intervals used Wilson
score intervals. Medication-safety binary outcomes used paired risk differences and two-sided exact
tests on discordant adjudicated pairs; a common-packet sensitivity forced identical frozen packets to
share one outcome. All intervals were two-sided 95% intervals. The five prespecified evidence blocks
addressed distinct questions; no joint rejection claim was made. Detailed estimands, missingness rules,
power rationale, and reviewer-aware models are in Additional file 1.

The packet review additionally reported conditional effects among the 14 questions for which the two
retrospective oracles selected different routes and outputs. Those intervals used paired resampling of
the active questions and were interpreted as conditional, not population-prevalence estimates. Period
and randomized sequence were evaluated jointly in a secondary mixed model; a separate carryover-proxy
sensitivity omitted sequence because the two are not jointly identifiable in a two-period crossover.
Unsafe omission and all other secondary endpoints were descriptive and were not included in a
multiplicity-controlled rejection claim.

The institutional Clinical Informatics Research Ethics Committee approved the retrospective evaluation
and waived individual consent because data were de-identified before research access, there was no
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patient contact, and outputs were not returned to care teams. The study followed the Declaration of
Helsinki, CHART guidance, and applicable retrospective STROBE items;[18, 19] the completed STROBE
checklist accompanies the submission.

Public companion artifact
The versioned MedRouteGuard artifact is publicly archived in Zenodo under the MIT License.[20] It
provides source code, configuration files, tests, pinned public-source samples, synthetic fixtures, and an
offline demonstration that requires no paid model API. Deterministic simulation illustrates admission,
replay aggregation, fallback accounting, and reporting; the packaged paper-reference aggregates identify
the reported study results separately. This lightweight workflow supports inspection of the evaluation
rules without requiring the governed clinical records or a full commercial-model rerun. Data and code
access are detailed below.

RESULTS

Admission changed fixed-candidate latency rankings
Enforcing the every-successful-replay rule changed the median-latency route winner for 61/847
questions (7.2%; 95% CI, 5.7%–9.0%). The retrospective-oracle P95 increased from 2.89 s with admission
labels ignored to 3.24 s with labels enforced, a paired shift of + 0.35 s (95% CI, + 0.18 to + 0.53).
Excluded-candidate speed events occurred for 98/847 questions (11.6%), and candidate-latency bucket
membership changed for 83/847 (9.8%). Every question retained at least one admitted candidate, so the
two P95 estimates used the same question denominator and candidate-median endpoint.

The direction persisted when admission required four of five passing replay labels (+ 0.32 s; 56 winner
changes) or a majority (+ 0.28 s; 49 winner changes). Relaxing provenance, temporal scope, conflict
preservation, or freshness alone changed 34, 31, 16, and 24 winners, respectively. Detailed overlap,
question-family, public-only, and cache/update analyses are reported in Additional file 1.

Winner changes were most frequent in temporal (12/112, 10.7%), safety (14/139, 10.1%), and
aggregation questions (15/168, 8.9%), compared with entity lookup (6/187, 3.2%). The median winner
gap was 0.27 s. Associated failed-clause tags among the 98 speed-event questions were provenance 44,
temporal 31, conflict 19, and freshness 28; these counts were non-exclusive because one excluded
candidate could fail more than one obligation.

Admission labels agreed with specialists
In the 320-route audit, pooled sensitivity for rejecting clinically invalid routes was 92.3% (95% CI, 86.7%–
95.6%) and specificity for admitting valid routes was 93.3% (88.6%–96.1%). The pooled confusion counts
were 131 true rejections, 12 false rejections, 11 false admissions, and 166 true admissions. Forty-one
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routes required third-reviewer adjudication; agreement before adjudication was  (0.77–0.87).
Conflict preservation had the lowest clause-specific sensitivity (87.9%) and widest uncertainty.

Pooled positive and negative predictive values were 91.6% (85.9%–95.1%) and 93.8% (89.2%–96.5%).
Three of the 11 false admissions were judged clinically material, corresponding to 3/320 (0.9%) of the
enriched audit; none produced patient-facing output. Because the sample was enriched by clause and
severity, predictive values are conditional on this audit and should not be interpreted as deployment
prevalence.

The independent workload reproduced ranking and packet
effects
In 326 held-out medication-safety questions, admission changed 21 winners (6.4%) and shifted P95 from
3.43 to 3.88 s, a paired difference of + 0.45 s (+ 0.23 to + 0.68). No question had a zero-admissible set. In
the 180-question packet review, material evidence-validity errors were 7/180 with gate-on selection and
18/180 with gate-off selection, a paired difference of  percentage points (  to ). Unsafe
omissions were 4/180 versus 13/180.

The two selection rules produced different routes and frozen outputs for 14/180 questions. Within these
active pairs, material errors were 2/14 versus 13/14 and unsafe omissions were 1/14 versus 10/14. The
corresponding absolute reductions were 78.6 percentage points (42.9–100.0) and 64.3 points (28.6–
92.9). The remaining 166 pairs reused identical frozen packets; condition-only rating disagreements were
balanced, and forcing one common label for each identical packet left both full-sample risk differences
unchanged.

Exact paired tests within the active pairs yielded 1 gate-on-only versus 12 gate-off-only material-error
discordances ( ) and 1 versus 10 unsafe-omission discordances ( ).
Contradiction visibility when required was 45/49 versus 35/49, and temporal-scope validity was 58/61
versus 48/61. Median complete-evidence review time was 4.7 versus 5.6 minutes. Reviewer agreement
was  (0.73–0.85), and period, order, and carryover diagnostics did not show material
imbalance. Table 2 summarizes the primary and supporting outcomes across the five evidence blocks.
The cross-workload evidence chain and the output-discordant clinical outcomes are shown in Fig. 2.

κ = 0.82

−6.1 −10.4 −1.9

P = 0.0034 P = 0.0117

κ = 0.79
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Table 2
Primary and supporting outcomes across the five evidence blocks

Evidence block Primary estimate Supporting result

Fixed-candidate
membership

61/847 winner changes; P95 + 0.35 s
[+ 0.18, + 0.53]

98/847 excluded-candidate
speed events

Label validity Sensitivity 92.3% [86.7, 95.6] Specificity 93.3% [88.6, 96.1]

Medication-safety
replication

21/326 winner changes; P95 + 0.45 s
[+ 0.23, + 0.68]

Material errors 7/180 versus
18/180

Matched deployment First-token P95 3.24 versus 4.18 s Answered coverage 98.9%
versus 98.5%

Output quality Acceptable 94.2% versus 87.4% Evidence F1 0.87 versus 0.74

Supporting deployment and quality results
Under the shared evidence contract, MedRouteGuard reduced matched deployed request-to-first-
generated-token P95 from 4.18 to 3.24 s, a paired difference of  s (  to ). Complete-
answer P95 was 6.82 versus 8.06 s, and answered coverage was 838/847 (98.9%) versus 834/847
(98.5%). These timestamps describe recorded processing milestones; user-visible release occurred only
after answer and evidence validation.

In the separate 500-question audit, acceptable outputs were 471/500 (94.2%) for MedRouteGuard and
437/500 (87.4%) for TextRAG, a paired difference of + 6.8 percentage points (+ 4.2 to + 9.5). Evidence
precision, recall, and F1 were 0.91, 0.84, and 0.87 versus 0.78, 0.71, and 0.74. The matched 240-question
deployed-system audit showed 225 versus 220 acceptable outputs, a paired difference of + 2.1 points (

 to + 5.4). Full distributions, provenance counts, failure taxonomy, coverage, and throughput appear
in Additional file 1.

DISCUSSION
This study identifies a benchmark-denominator problem: route execution and route eligibility are different
properties. When the clinical evidence contract controlled membership, 7.2% of maintained-service
questions and 6.4% of independent medication-safety questions changed latency winners. Because the
primary intervention reused identical executions and changed only prespecified labels, the ranking effect
cannot be attributed to different prompts, hardware, candidate generators, or runtime conditions.

The specialist audit connects the deterministic boundary to clinically interpretable evidence obligations.
The independent packet review further shows why membership matters beyond a numerical latency
shift. The overall paired error difference was modest in absolute terms because only 14 of 180 selections
produced different frozen outputs, but the error contrast was concentrated within those active pairs. This
localization, together with balanced disagreements on identical packets, argues against interpreting

−0.94 −1.19 −0.69

−1.0
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repeated-rating variation as a system-output effect. The analysis remains retrospective and supports an
association between selection rules and reviewed packets, not a patient-outcome or online-treatment
effect.

The contribution complements clinical analytics platforms such as ClinicalMind by testing the eligibility
of completed evidence tasks within a fixed execution universe.[5] It also differs from contract-checked
graph editing for verifier-guided reasoning, where a structural gate establishes whether a reasoning graph
can run before semantic verification.[21] Here, the checked object is a clinical answer-and-evidence
route, and its admission label determines benchmark membership. MedRouteGuard differs from routing
objectives that score candidate accuracy, cost, or latency and from post-hoc grounding scores that
characterize an output after execution. Here, capability and state constrain routes before execution,
returned evidence determines final admission, and the resulting label controls benchmark credit while the
original request clock retains failed work. The deployed comparison indicates that this evidence
boundary is compatible with high coverage and lower recorded tail-latency milestones, but it does not
establish user-visible release latency or isolate every implementation difference between the deployed
configurations.

Several limitations bound interpretation. The maintained-service and medication-safety cohorts were
purposefully stratified rather than prevalence samples. The every-successful-replay rule estimates
conservative consistency; vote-based rules answer different reliability questions. The four clauses
evaluate available provenance, time, conflict, and dependency metadata, not the truth of every source.
The packet effect was concentrated in 14 questions and therefore has wide conditional intervals. The
deployed comparison includes policy, query-hint, and linking differences despite a shared graph and
evidence contract. Finally, the evaluated generator, Azure configuration, and three route families may not
represent other institutions, models, or workloads.

For clinical information-system evaluation, latency reports should state the completed task, the eligibility
rule, the handling of failed attempts and fallback, and the coverage denominator. The present evidence
suggests that these are not reporting details: changing membership can change both the tail estimate
and the evidence packet selected for review. Prospective multi-site studies should test the boundary
under other models, evidence stores, and user-visible release endpoints.

CONCLUSIONS
An explicit admission rule for complete clinical answer-and-evidence routes changed latency rankings on
fixed executions, agreed with specialist validity judgments, and altered medication-safety evidence
packets. Benchmarking speed without specifying route eligibility can therefore credit evidence omission,
temporal mismatch, conflict suppression, or stale reuse as performance.

Abbreviations
API
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application programming interface
CI
confidence interval
F1
harmonic mean of precision and recall
GPU
graphics processing unit
LLM
large language model
P95
95th percentile
QA
question answering
RAG
retrieval-augmented generation
SLO
service-level objective
TTFT
time to first token.
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