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Abstract 
AI-LEx introduces a risk-aware architecture that transforms laboratory interop-
erability exceptions from technical failures into clinically and publicly meaning-
ful risk signals, by combining deterministic validation, machine-learning anom-
aly detection, semantic knowledge, and human-governed resolution. A missing 
specimen source or an unmapped code on a reportable pathogen looks, now it 
occurs, like a routine interface problem; left unresolved, it can instead become a 
missed diagnosis or an invisible gap in disease surveillance. Recent empirical 
work tracing real laboratory transmissions across health information exchanges 
documents exactly this pattern, and the FDA’s decade-long SHIELD initiative 
and a 2024 federal data brief both identify laboratory-data harmonization as an 
unresolved patient-safety and surveillance concern. AI-LEx addresses it with a 
three-stage architecture: Detection combines deterministic validation with a cal-
ibrated machine-learning anomaly classifier; Interpretation grounds each de-
tected irregularity in semantic knowledge via a knowledge graph and retrieval-
augmented generation; and Risk & Resolution computes a Risk Score—Conse-
quence × Propagation × Urgency—kept strictly independent of the AI’s own 
confidence, and acts on the result only through human-governed resolution: an 
explicit decision matrix rather than a blended score. A synthetic, illustrative 
evaluation comparing this hybrid architecture against single-method baselines 
shows an F1 of 0.983 against 0.278 - 0.833, showing that an OR-combined de-
tector recovers signal that no single channel could—under a generator deliber-
ately constructed around independent channels, not as a general claim about 
hybrid detection on operational laboratory data. We conclude with the architec-
ture’s implications, its limitations, and the empirical work required before clin-
ical deployment. 
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1. Introduction 

A physician orders a basic metabolic panel. Behind that single click, a laboratory 
information system, interface middleware, an electronic health record, and a web 
of terminology mappings must agree, code for code and unit for unit, on what 
“potassium, serum” means. Most of the time this agreement is invisible. When it 
is not, the failure is filed under a deliberately bland word—an “exception”—that 
can range from a transposed digit to a positive culture for a reportable pathogen 
that never gets flagged, because a local code was never mapped to a standard con-
cept. 
Most exceptions never matter. A duplicate result a technologist discards, a mes-
sage that gets retried a second later and quietly succeeds—these are the back-
ground noise of running a laboratory, not a research problem. This paper cares 
about a narrower and more consequential slice: laboratory data exceptions that 
can turn into patient-safety or public-health events. What separates them from 
the background noise isn’t how alarming they look the moment they’re detected, 
but their propagation potential, meaning whether an exception left unresolved 
can reach a clinician’s decision or a public-health case count before anyone no-
tices. A 2024 case report tracing real laboratory transmissions across a health in-
formation exchange found exactly this failure mode in practice [1]: specimen 
source missing, units and reference ranges inconsistent, coding discordant, HL7 
versions clashing. Separately, the FDA’s Systemic Harmonization and Interoper-
ability Enhancement for Laboratory Data (SHIELD) initiative [2] and a 2024 fed-
eral data brief [3] each identify laboratory-data harmonization as unresolved and 
consequential for patient safety and surveillance alike. 

The central move in this paper is to stop treating a laboratory interoperability 
exception as a bare technical failure and start treating it as a risk signal. The AI 
does not predict clinical abnormalities or diagnose the patient; it recognizes irreg-
ularities in the data and workflow surrounding a result—an unmapped code, a 
malformed message, an identity mismatch—and assigns each one a risk score de-
scribing what would happen if it propagated into clinical care or public-health 
reporting. AI-LEx performs this transformation by combining four capabilities: 
deterministic validation and machine-learning anomaly detection to catch the ir-
regularity, semantic knowledge to explain it, and human-governed resolution to 
act on it safely. Cutting any one of these four leaves the transformation incom-
plete—validation alone cannot explain what it catches, semantic knowledge alone 
cannot decide when to act, and neither is safe to act on without a human able to 
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intervene—and this is the paper’s organizing contribution. 
Can an AI-driven, interoperable laboratory exception-management archi-

tecture detect, classify, explain, prioritize, and resolve laboratory data excep-
tions across healthcare and public-health systems before they create patient-
safety or public-health risk? 

Section 2 reviews related work in three areas. Section 3 states the resulting re-
search gap and four research questions. Section 4 presents the AI-LEx architecture 
across four diagrams. Section 5 describes a synthetic experimental design, and 
Section 6 reports its results. Sections 7 and 8 discuss patient-safety and public-
health implications and the architecture’s limitations, and Section 9 concludes. 

2. Related Work 
2.1. Laboratory Interoperability 

Laboratory data moves through a layered stack of standards. HL7 v2 messaging is 
still the workhorse of most laboratory interfaces, though FHIR [4] is increasingly 
positioned to take over as its API-based successor. Underneath the messaging 
layer, LOINC identifies what test was performed [5], SNOMED CT captures re-
sults and organisms [6], and UCUM standardizes units of measure. A proof-of-
concept study combining FHIR with SNOMED CT [7] made an important point 
along the way: getting the message shape right (structural interoperability) and 
getting the meaning right (semantic interoperability) are genuinely separate engi-
neering problems and solving one does not solve the other. That distinction shows 
up constantly in practice, because local test codes tend to multiply faster than any 
institution’s mapping tables can keep up with them. One 2024 case report [1] fol-
lowed nine laboratory tests as they moved between two institutions over a stand-
ard point-to-point health information exchange, and found the kind of quiet in-
formation loss that rarely makes it into a bug ticket: specimen source went unre-
ported, the analytical technique behind a result was never communicated, refer-
ence ranges didn’t match across the two systems, LOINC coding was inconsistent, 
and the coexistence of multiple HL7 versions added yet another layer of friction. 
The authors pointed toward the FDA’s SHIELD initiative [2]—a harmonization 
effort that has been running since 2015 across more than seventy participating 
organizations—as the kind of coordinated response a problem at this scale re-
quires. 

2.2. AI in Laboratory Quality Management 

AI has made its most visible inroads in the pre-analytical phase, which makes 
sense given that this is where the largest share of laboratory errors is already 
known to originate—precisely the phases the ISO 15189 laboratory-quality stand-
ard is built to govern [8], a pattern documented since at least the mid-2000s [9] 
and confirmed more recently by site-specific prevalence studies in Iraqi Kurdistan 
[10] and Morocco [11]. Image-based clot detection, wrong-blood-in-tube identi-
fication, and automated hemolysis/icterus/lipemia assessment have all reported 
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strong published performance [12] [13], and artificial neural networks have found 
a home in autoverification, the process of deciding whether a result can be released 
without a human looking at it first [14] [15]. What’s still largely missing is any-
thing connecting these point solutions to one another. A clot-detection model and 
a delta-check model can both fire on the same specimen at the same time, and 
neither one can explain its finding in terms the other, or a downstream reporting 
system, would understand. 

2.3. Public Health Reporting 

Reportable conditions flow to public health authorities through NNDSS [16]. A 
federal data brief published in September 2024 [3] makes the same point from the 
surveillance side that the case report above [1] made from the clinical side: in-
teroperable laboratory data matter both for bedside decisions and for population-
level monitoring, and the brief is refreshingly candid that getting there is still com-
plicated and unfinished business. Newer FHIR-based electronic case reporting is 
gradually replacing the older batch HL7 v2 file transfers, but it doesn’t remove the 
underlying vulnerability—if a reportable result’s local code was never mapped 
correctly further upstream, the case can simply vanish from public-health review 
without anyone noticing. 

3. Research Gap and Questions 

Point-specific AI models for pre-analytical error detection exist and perform well 
within narrow scope. Semantic interoperability standards exist and are mature, if 
unevenly adopted. Public-health reporting channels exist and are being modern-
ized toward FHIR. What does not widely exist is an architecture that unifies de-
tection, semantic grounding, risk-aware prioritization, and human governance 
into one auditable pipeline that treats an exception’s full lifecycle as a single con-
tinuous problem rather than a series of handoffs between separate systems. This 
gap motivates four research questions: 
● RQ1—Can a hybrid architecture combining deterministic rules, calibrated 

ML, and knowledge-grounded generation detect and classify laboratory 
data/workflow exceptions more effectively than any single method alone? 

● RQ2—Can risk and AI confidence be computed as independent signals and 
combined through an explicit decision matrix to reduce false positives without 
sacrificing recall on high-risk cases? 

● RQ3—What architectural mechanisms keep such a system auditable and ap-
propriately human-governed rather than autonomously making irreversible 
decisions? 

● RQ4—Can this architecture’s design plausibly address the categories of in-
teroperability failure already documented empirically in real laboratory-to-
EHR data transmissions? 

Section 4 proposes an architecture addressing all three of RQ1 - RQ3, but only 
RQ1 receives empirical evaluation in this paper, in Sections 5 and 6; RQ2 and RQ3 
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are addressed at the level of architectural design and remain to be tested empiri-
cally. RQ4 is addressed by direct reference to the empirical failure modes reviewed 
in Section 2.1. 

4. AI-LEx Architecture 

Each of AI-LEx’s four defining capabilities has a home in the sections below: de-
terministic validation and machine-learning anomaly detection are realized in 
Stage A, and semantic knowledge in Stage B—both within Section 4.2—and hu-
man-governed resolution in Stage C (Section 4.3), where a risk score is finally at-
tached to what Stage A and B detected and explained. AI-LEx is presented across 
four diagrams rather than one increasingly overloaded picture: an overall pipeline 
view, the AI detection and reasoning mechanism, the risk and resolution mecha-
nism that performs this paper’s central transformation, and the end-to-end work-
flow that ties them together. 

4.1. Overall Architecture 

Figure 1 traces one pipeline from source to outcome: laboratory data sources (LIS, 
analyzers, EHR, point-of-care devices, reference and public-health labs) enter 
through an interoperability layer (HL7 v2, FHIR, ELR, eCR, HIE), pass through 
semantic harmonization against LOINC, SNOMED CT, UCUM, and a master pa-
tient index, and are evaluated by the AI exception engine before classification, risk 
scoring, and human-governed resolution. The architecture is designed to sit 
alongside existing laboratory and health-IT systems rather than replace them. 

4.2. AI Detection and Reasoning 

Figure 2 addresses RQ1. Stage A, Detection, runs a deterministic rules engine and a 
calibrated ML classifier side by side—rules catch what is already known, the classi-
fier catches what is merely like something known, and neither substitutes for the 
other. Stage B, Interpretation, is triggered when Stage A’s output needs grounding: 
a knowledge graph supplies ontology and causal-link context, and a retrieval-aug-
mented language model synthesizes an explanation from similar past cases, con-
strained to cite retrieved evidence rather than reason freely from training data alone. 
Grounding generation in a structured knowledge graph rather than letting a model 
reason unconstrained is a design choice with growing support in clinical AI re-
search, where knowledge-graph-based reasoning has been shown to improve both 
interpretability and reliability for clinical decision support [17]-[19]. 

4.3. Risk and Resolution 

Figure 3 addresses RQ2 as a proposed design and is the architecture’s central 
methodological discipline; it is not empirically evaluated in this paper, a scope 
Section 5 states explicitly. We define a Risk Score independent of, and never 
adjusted by, the AI’s confidence in its own classification—how certain a model is 
that it has classified an exception correctly is not evidence of how dangerous that  
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Figure 1. Overall architecture: one pipeline from source system to resolved outcome. 

 
exception actually is, and a system that lets high confidence quietly lower a risk 
figure can be badly wrong about the cases it is most sure about. 

Risk = Consequence × Propagation × Urgency 

Consequence estimates clinical and public-health harm if unresolved; Propaga-
tion estimates how far the underlying data problem could spread before detection; 
Urgency estimates the time remaining before Consequence becomes irreversible. 

https://doi.org/10.4236/ijis.2026.164015


S. K. Puli, P. B. Pichika 
 

 

DOI: 10.4236/ijis.2026.164015 279 International Journal of Intelligence Science 
 

AI Confidence is computed separately, as a calibrated estimate of certainty in the 
classification only, and the two scores meet solely at the decision matrix in Figure 
3: low risk with high confidence auto-resolves; high risk, even with high confi-
dence, receives quick human validation rather than silent auto-resolution; low 
confidence at high risk escalates immediately; and any critical-risk case reaches 
full human review regardless of confidence. This is where the paper’s central 
transformation is performed: a detected, explained irregularity becomes a risk sig-
nal only once Consequence, Propagation, and Urgency are attached to it, and that 
risk signal is acted on only through human-governed resolution—never by the AI 
unilaterally, regardless of how confident it is. 

 

 
Figure 2. AI detection and reasoning: two stages, each an independently auditable capability. 

4.4. End-to-End Workflow 

Figure 4 addresses RQ3. A single shared twelve-step pipeline—detection, classifi-
cation, prioritization, investigation, AI recommendation, confidence assessment, 
human review, escalation, resolution, notification, audit, and feedback—carries 
every exception, with type assigned once at classification across six categories 
(technical, data-quality, interoperability, clinical, workflow, security) that steer 
routing without altering the pipeline itself. An auto-resolution shortcut and an 
escalation path give the decision matrix concrete routes to act on, and every step, 
automated or human, is written to an immutable audit log, keeping the human 
reviewer—not the model—the final authority on any case the matrix does not 
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clear for auto-resolution. 

5. Experimental Design 

No real-world labeled corpus of laboratory exceptions was available for this pa-
per, and we make no claim to clinical validation. Instead, we report a synthetic, 
illustrative evaluation designed to test a narrow, falsifiable version of RQ1: 
whether combining independent detection channels outperforms any single 
channel, on data constructed so that no single channel has access to all the signal 
that determines ground truth. To be explicit about scope: Sections 5 and 6 eval-
uate RQ1 only. RQ2’s decision mechanism (Section 4.3) is a proposed design, 
not an evaluated one—doing so would require risk-category ground truth, con-
fidence-threshold behavior, and outcomes for each of the five decision-matrix 
actions, none of which this binary-detection experiment constructs. We limit 
our empirical claims to RQ1 accordingly and return to this scope explicitly in 
Section 6. 

 

 
Figure 3. Risk and resolution: risk and confidence computed independently, combined 
only at the decision matrix. 
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Figure 4. End-to-end workflow: a shared twelve-step pipeline with an auto-resolution shortcut, an escalation path, and six 
exception types assigned once at classification. 

 
Before presenting the synthetic labels, it is worth being precise about what they 

represent. Following the propagation-potential criterion introduced in Section 1, 
we define a genuine actionable exception as one that, left unresolved, would either 
alter or delay a clinical decision or cause a case to fail to surface for public-health 
reporting when it should have. This is deliberately a criterion about downstream 
consequence, not about how alarming or unusual the underlying anomaly looks 
now it is flagged. A routine technical exception—a duplicate message that resolves 
itself on retry, a cosmetic formatting mismatch with no bearing on interpreta-
tion—fails this criterion even if it trips a system-level alert, because nothing down-
stream would change if it went unaddressed. An actionable interoperability event, 
by contrast, is one where that downstream change is real: a code that stays un-
mapped, a specimen source that stays missing, a result that reaches a clinician or 
a surveillance system already wrong. Section 5.1 operationalizes exactly this dis-
tinction rather than a looser notion of “anomalous”. 

5.1. Synthetic Dataset 

We generated N = 3,000 synthetic records with a fixed master random seed (NumPy 
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Generator, seed 42), split 70/30 into training (2,100) and test (900) partitions via 
stratified sampling on the label (scikit-learn train_test_split, random_state = 7). 
Every distribution and threshold below is exact and sufficient, together with the 
seed, to reproduce the dataset and every result in Section 6 bit-for-bit. 

Structured deterministic channel (favors a rules approach)—four independ-
ent Bernoulli draws: code_mapped is False with probability 0.35; units_consistent 
is False with probability 0.20; specimen_source_present is False with probability 
0.25; organism_reportable is True with probability 0.15. 

Structured statistical channel (favors an ML classifier)—three continuous, in-
dependently drawn features: message_malformed_score ~ Beta(α = 2, β = 5) 
(mean ≈ 0.286); historical_deviation_score ~ Normal (μ = 0, σ = 1); field_com-
pleteness ~ Beta (α = 5, β = 2) (mean ≈ 0.714). 

Free-text channel (favors a retrieval-style method)—each record draws a la-
tent-risk value from Uniform (0, 1), then selects one of six fixed templates from a 
categorical distribution conditioned on that draw: {clotted_redraw: 0.28, 
wrong_patient: 0.22, routine_admin: 0.03, duplicate: 0.05, reportable_organ-
ism_note: 0.32, generic: 0.10} when the latent value exceeds 0.6, and {0.05, 0.03, 
0.35, 0.15, 0.02, 0.40} in the same template order otherwise. The clotted_redraw, 
wrong_patient, and reportable_organism_note templates are text-channel-posi-
tive; the other three are not. 

Latent-risk thresholds defining ground truth—a record is exception-positive 
on the rules channel if (code_mapped is False AND organism_reportable is True) 
OR (units_consistent is False AND specimen_source_present is False); positive 
on the ML channel if message_malformed_score > 0.55 OR historical_devia-
tion_score > 1.3 OR field_completeness < 0.35; positive on the text channel if its 
template is text-channel-positive as defined above. 

Label-noise implementation—independent of all three channels, each record 
is flipped to exception-positive with probability 0.04 (an independent Bernoulli 
(0.04) draw per record), representing irreducible labeling uncertainty. Ground 
truth is the logical OR of the three channel signals and the noise flip. 

Resulting class allocation—not independently imposed, but an emergent 
property of the generator above: 57.1% of the full dataset (and 57.1% of the 900-
record test partition, by construction of the stratified split) is exception-positive. 

5.2. Probability Calibration 

The random-forest classifier used in the ML-only and hybrid approaches (Section 
5.3) produces raw class probabilities that are not, by default, calibrated—tree-en-
semble vote fractions are a well-documented source of over- or under-confident 
probability estimates. We calibrate them explicitly rather than assume calibration: 
the base RandomForestClassifier (200 trees, max depth 6, random_state = 1) is 
wrapped in isotonic-regression calibration fit via 5-fold stratified cross-validation 
(scikit-learn CalibratedClassifierCV, cv seed 99) internal to the 2,100-record train-
ing partition. The 900-record test partition is never used for fitting or calibration, 
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only for the final metrics reported in Section 6. Calibration quality is measured by 
Brier score on the held-out test partition: 0.187 for the uncalibrated model versus 
0.182 calibrated—a modest, honestly reported improvement, not a dramatic one. 
All ML-only and hybrid results in Section 6 use the calibrated probabilities. The 
LLM/RAG-proxy’s logistic-regression probabilities are not separately calibrated, 
since they are already the model’s native training objective rather than a post-hoc 
vote fraction; we do not claim they are calibrated in the same sense. 

5.3. Exception Classes and Baselines 

Records are drawn across the same six exception types used in Figure 4 (technical, 
data-quality, interoperability, clinical, workflow, security). Four approaches were 
evaluated on the identical held-out test set, each with an explicit decision threshold: 
● Rules-only—the deterministic channel alone: fixed logical conditions on struc-

tured fields (Section 5.1), no learned threshold, no learning. 
● ML-only—the calibrated random-forest classifier described in Section 5.2, 

flagged positive when its calibrated probability exceeds 0.5. 
● LLM/RAG-proxy—a bag-of-words logistic-regression classifier trained on free 

text alone, flagged positive when its probability exceeds 0.5; standing in for a 
retrieval/LLM-style approach since no live LLM inference was run in this syn-
thetic setting, a substitution we state plainly as a limitation in Section 8. 

● AI-LEx (hybrid)—a case is flagged if any of the three channels above crosses 
its own threshold (the rules channel’s fixed logic, or a 0.5 probability cutoff for 
ML or text), mirroring the architecture’s principle that a strong signal from 
one channel is sufficient to warrant review without requiring cross-channel 
agreement. 

5.4. Metrics 

We report precision, recall, and F1 for the binary decision “is this a genuine ac-
tionable exception”, plus the false-positive count on the 900-record test set, cho-
sen because Section 7 identifies alert fatigue—not missed detection alone—as a 
primary mechanism by which an exception-management system fails in practice. 

6. Results 

Table 1 reports precision, recall, F1, and false positives for all four approaches on 
the synthetic held-out test set (n = 900; base rate of genuine exceptions 57.1%). 
 
Table 1. Synthetic, illustrative evaluation results—not a clinical validation. AI-LEx 
(hybrid) row highlighted. 

Approach Precision Recall F1 False positives 

Rules-only 100.0% 16.1% 27.8% 0 

ML-only 97.5% 45.5% 62.1% 6 

LLM/RAG-proxy 100.0% 71.4% 83.3% 0 

AI-LEx (hybrid) 98.8% 97.9% 98.3% 6 
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Rules-only achieved perfect precision (100.0%) but the lowest recall (16.1%, F1 
= 0.278): deterministic conditions caught only the subset of exceptions their fixed 
logic was written for, exactly the failure mode Section 2.1’s empirical evidence 
describes—correct when it fires, silent otherwise. ML-only, using the calibrated 
probabilities described in Section 5.2, reached moderate performance (F1 = 0.621, 
precision 97.5%, recall 45.5%) and produced 6 of the evaluation’s false positives, 
consistent with a statistical classifier occasionally flagging borderline structured 
patterns that free text or hard rules would not. The LLM/RAG-proxy performed 
better than single structured method (F1 = 0.833) with zero false positives, reflect-
ing that this synthetic dataset’s text channel was a comparatively clean signal—a 
property of the synthetic generator, not a general claim about retrieval-based 
methods. AI-LEx (hybrid) achieved the highest recall (97.9%) and F1 (0.983) of 
all four approaches, inheriting ML-only’s 6 false positives unchanged, since the 
hybrid decision rule flags a case if any channel does. 

This pattern is consistent with RQ1 as posed: because the dataset’s ground truth 
was constructed so that no single channel sees all the signal, no single-channel 
method could recover more than a fraction of true exceptions, while an OR-com-
bined detector drawing on all three channels recovered nearly all of them. The 
false-positive count carried over unchanged from ML-only to the hybrid is itself 
informative: it shows that combining channels here improved recall without a cor-
responding recall-driven increase in false positives—the hybrid rule did not add 
new false positives beyond what its noisiest single channel already produced. We 
are deliberately narrow about what this shows: an OR-combined detector per-
forms well under a generator designed around independent channel signals. It 
does not demonstrate the general logical necessity of hybrid detection in opera-
tional laboratory data, where channels may be correlated, noisier, or informative 
in ways this synthetic construction does not capture. We return to this distinction, 
and to what would be required to test it on real data, in Section 8. 

7. Patient Safety and Public Health Implications 

For patient safety, the architecture’s contribution is not that it catches more ex-
ceptions than existing point solutions—several detection techniques already exist 
individually—but that every exception it surfaces already carries a clinically mean-
ingful risk signal rather than a bare technical flag and is resolved automatically 
only when that signal says it is safe to do so. Alert fatigue is a well-documented 
hazard in clinical informatics, and a system that surfaces only the exceptions gen-
uinely requiring human judgment, each with a specific, ontology-grounded ra-
tionale and an explicit risk score attached, is more likely to receive the attention it 
needs than one that treats every anomaly as equally urgent. Reducing time-to-
resolution matters most exactly where speed is clinically important: critical values, 
unstable patients, and reportable pathogens. 

For public health, the architecture targets a specific and under-appreciated 
cause of underreporting: cases that are clinically identified but never surface for 
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public-health review because of a semantic mapping gap rather than any failure 
of clinical judgment, precisely the failure mode documented in the 2024 case re-
port reviewed in Section 2.1. Because AI-LEx assigns a public-health-impact term 
inside the Risk Score itself, a mapping gap on a reportable organism does not 
merely fail silently—it is surfaced as a publicly meaningful risk signal before it 
reaches the reporting layer, reducing the number of cases that fail to reach sur-
veillance systems and improving reporting speed, which matters disproportion-
ately during an active outbreak. 

8. Limitations and Future Work 

Three limitations qualify every claim in this paper. First, and most importantly, 
Sections 5 and 6 report a synthetic, illustrative evaluation of RQ1 only, not a clin-
ical validation and not a test of RQ2 or RQ3: the dataset was constructed by the 
authors specifically so that no single channel could recover the full label, which 
shows that an OR-combined detector outperforms any single channel under this 
generator but cannot estimate real-world precision, recall, or false-positive rates 
on genuine laboratory data, and says nothing yet about whether the proposed 
risk/confidence decision matrix (RQ2) performs as intended. Second, the 
“LLM/RAG-proxy” baseline is a bag-of-words classifier standing in for a re-
trieval/LLM-style method; no live large-language-model inference was run, and a 
real RAG pipeline’s performance on this task remains untested. Third, a newly 
deployed system’s exception knowledge graph starts empty, and whether federat-
ing generalized error patterns across institutions—without pooling identifiable 
data—can close this cold-start gap without eroding the specificity that makes the 
knowledge graph useful is an open empirical question this paper does not resolve. 

The clear next step is validating this architecture against a real, labeled corpus 
of laboratory exceptions, ideally spanning multiple institutions, replacing the text-
classifier proxy with an actual retrieval-augmented LLM pipeline—an approach 
recent work has begun applying directly to automated construction of clinical 
knowledge graphs [20]—and prospectively measuring alert-fatigue outcomes 
among reviewing clinicians and laboratory staff rather than relying on the syn-
thetic false-positive count reported here. Evaluating RQ2 and RQ3 empirically is 
a separate and necessary undertaking beyond what this paper attempts: it requires 
risk-category ground truth, confidence-threshold behavior under realistic model 
uncertainty, and outcome data for each of the five decision-matrix actions in Fig-
ure 3, none of which the binary-detection experiment in Sections 5 and 6 was 
designed to produce. 

9. Conclusion 

This paper set out to argue for a specific reframing: a laboratory interoperability 
exception is not a bare technical failure but a risk signal waiting to be recognized 
as one and recognizing it that way takes four things working together—determin-
istic validation, machine-learning anomaly detection, semantic knowledge, and 
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human-governed resolution. Sections 4 through 7 developed each of those four 
capabilities in turn and showed how they compose: validation and anomaly de-
tection catch what a rules engine or a classifier alone would miss between them; 
semantic knowledge turns a bare flag into an explanation; and human-governed 
resolution, guided by a risk score kept strictly independent of the AI’s own confi-
dence, decides what happens next—never the AI unilaterally. The synthetic eval-
uation in Section 6 gave the first part of that argument, hybrid detection over any 
single method, a first illustrative empirical test (F1 of 0.983 against 0.278 - 0.833), 
and Section 8 was plain that this is a demonstration on constructed data, not a 
clinical finding. What we believe holds regardless of that limitation is narrower 
and, we think, worth building toward: that a laboratory exception is never just a 
technical failure, that recognizing it as a risk signal requires all four capabilities 
rather than any one alone, and that keeping an AI system’s confidence in itself 
separate from its assessment of danger is not a detail but the discipline that makes 
such a system safe to deploy at all. 
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