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Abstract

Large language model (LLM) agents deployed in
healthcare and life sciences (HCLS) routinely re-
ceive queries that are semantically ambiguous—the
same terms carry different meanings across clinical,
regulatory, pharmacovigilance, data-standards,
and research domains. Existing approaches ad-
dress ambiguity post-hoc through output filtering
or retrieval augmentation, but do not quantify it
before the model responds. We introduce SAGE
(Semantic Ambiguity Gate for Agentic Ecosys-
tems), a client-side, pre-flight analysis framework
that computes a semantic tension score (0-100)
for each query using two parallel paths: (1) entity
resolution with contextual domain inference and
domain-distance-aware penalties against a curated
HCLS concept registry, and (2) a context-aware
NLP decision tree evaluating query structure. An
adaptive weighting mechanism adjusts the relative
influence of each path based on analysis condi-
tions. The tension score is injected into the LLM
prompt to control response behavior—high-tension
queries trigger clarifying questions derived from
concept analysis rather than model speculation.
On a dataset of 30 real-world queries adapted from
biomedical QA benchmarks (BioASQ [Tsatsaronis
et al., 2015], PubMedQA [Jin et al., 2019]), clinical
trial registries, and FDA guidance language, SAGE
achieves 63.3% classification accuracy across three
ambiguity levels and 100% domain inference ac-
curacy, outperforming both entity-resolution-only
(43.3%) and NLP-only (60.0%) baselines.

*Lead author.

1 Introduction

LLM-powered agents are increasingly deployed
across HCLS workflows—from clinical trial man-
agement and pharmacovigilance to regulatory sub-
missions and biomedical research. These agents re-
ceive natural-language queries from diverse stake-
holders: clinicians, data scientists, regulatory af-
fairs specialists, and safety officers. A query such
as “Analyze patient adverse events” is syntacti-
cally clear but semantically ambiguous: it could re-
fer to protocol-defined treatment-emergent adverse
events (clinical), MedDRA-coded safety records
(data standards), signal detection in post-market
surveillance (pharmacovigilance), or compliance
reporting under ICH-E2A (regulatory).

Without a mechanism to detect this ambiguity be-
fore the model generates a response, the agent
will select an interpretation—often confidently—
without disclosing the alternatives it discarded. In
regulated industries where precision directly im-
pacts patient safety and regulatory standing, this
behavior is unacceptable.

We propose SAGE (Semantic Ambiguity Gate for
Agentic Ecosystems), a framework that:

1. Computes a semantic tension score entirely
client-side, before any LLM call, using entity
resolution and NLP structural analysis with
adaptive weighting.

2. Uses contextual domain inference to propagate
disambiguation signals from anchor terms and
user-provided context layers to ambiguous en-
tities, with entity-count-aware signal scaling.

3. Introduces a domain similarity matriz that
distinguishes cross-domain queries (spanning
semantically close domains) from genuinely



ambiguous queries (spanning distant do-

mains).

4. Employs contert-aware verb evaluation that
considers the specificity of a verb’s direct ob-
ject, not just the verb itself.

5. Derives missing-context indicators and clari-
fying questions directly from concept analysis,
eliminating LLM-generated speculation about
what information is needed.

6. Injects the score and concept-derived insights
into the prompt to control LLM response be-
havior across three modes: clarify, partial an-
swer, or full answer.

2 Related Work

Uncertainty quantification in LLMs. Prior
work estimates model uncertainty through token-
level entropy [Kadavath et al., 2022], semantic clus-
tering of sampled outputs [Kuhn et al., 2023], or
calibration techniques [Guo et al., 2017]. These
approaches operate after generation and measure
model confidence rather than input ambiguity.
SAGE is complementary: it measures query-level
semantic ambiguity before generation begins.

Retrieval-augmented generation (RAG).
RAG systems retrieve relevant documents to
ground LLM responses [Lewis et al., 2020]. While
RAG reduces hallucination by providing context,
it does not assess whether the query itself is
sufficiently specified to select the correct docu-
ments. SAGE could serve as a pre-retrieval filter,
ensuring queries are disambiguated before retrieval
is attempted.

Prompt engineering and guardrails. Frame-
works such as NeMo Guardrails [Rebedea et al.,
2023] and constitutional AI [Bai et al., 2022] con-
strain model outputs. These operate on the re-
sponse side. SAGE operates on the input side,
gating whether the model should attempt a full
response at all.

Clinical NLP and entity resolution. Med-
ical entity recognition and linking systems such
as MetaMap [Aronson and Lang, 2010] and SciS-
pacy [Neumann et al., 2019] resolve terms to ontol-

ogy concepts. The Unified Medical Language Sys-
tem (UMLS) [Bodenreider, 2004] provides a com-
prehensive metathesaurus linking biomedical vo-
cabularies. SAGE extends this idea by mapping en-
tities to operational domains rather than ontology
codes, and by using co-occurrence patterns to prop-
agate disambiguation signals across entities within
a single query.

Biomedical question answering. Benchmarks
such as BioASQ [Tsatsaronis et al., 2015] and Pub-
MedQA [Jin et al., 2019] evaluate biomedical QA
systems but focus on answer correctness rather
than query ambiguity. SAGE addresses the up-
stream problem: determining whether a query is
sufficiently specified before attempting to answer
it.

Query ambiguity detection. Prior work on web
search query ambiguity [Song et al., 2009] classifies
queries as clear, ambiguous, or broad using click-
through data and query reformulations. SAGE
adapts this concept to domain-specific professional
queries where click data is unavailable, using struc-
tured domain knowledge instead.

3 Method

3.1 Architecture Overview

SAGE computes a composite tension score T €
[0,100] from two parallel analysis paths:

T = L(wE-SE—f-wN'SN)XlOO“ (1)
where Sg € [0,1] is the entity resolution score,
Sy € [0,1] is the NLP decision tree score, and wg,
wy are adaptive weights (Section 3.5). Default val-
ues are wg = 0.6, wy = 0.4.

3.2 Path 1: Entity Resolution with
Contextual Inference

3.2.1 Concept Registry

We maintain a curated registry of ~70 HCLS con-
cepts. Each concept c¢ has a set of aliases A, (sur-
face forms) and a set of domains D, drawn from five
HCLS domains: clinical, regulatory, pharma-
covigilance, datastandards, and research. For



example, “adverse events” maps to four do-
mains (clinical, pharmacovigilance, regulatory,
datastandards), while “signal detection” maps to
pharmacovigilance alone.

3.2.2 Entity Matching

Given a query ¢, we perform greedy longest-match
extraction against all aliases, producing a set of
matched entities M = {mq,...,my}.

3.2.3 Domain Vote Counting

For each domain d, we count how many matched
entities include d:

Vid)=|{me M :de Dy} (2)
Votes are normalized to [0,1] by dividing by
maxg V (d).

3.2.4 Anchor Identification

An anchor is an entity that resolves to exactly one
domain: |D,,| = 1. Anchors provide strong di-
rectional signal. User-activated context layers are
treated as additional anchors with elevated weight.

3.2.5 Confidence Propagation

For each multi-domain entity m with |D,,| > 1, we
compute a confidence distribution P,,(d) over its
domains:

+a-0-‘7(d)+ﬂ'a-ﬂ

Fn(d) > Ad)
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where V(d) is the normalized vote for domain d,
A(d) is the anchor count for domain d (including
active contexts with weight 2), « = 0.3 and § = 0.4
are boost parameters, and ¢ = min(1,|M]|/5) is
a signal strength factor that scales the vote and
anchor boosts by the number of matched entities.
Queries with more entities provide more reliable
co-occurrence signal; a query with two entities has
weaker evidence for domain inference than one with
six. The distribution is normalized to sum to 1.

3.2.6 Resolution Status

Each entity is assigned a status based on its maxi-
mum confidence P = maxg Py, (d):

e Resolved: |D,,| =1 (single domain)
e Inferred: P}, > 0.6 (contextually inferred)

e Disambiguated: exactly one active context
matches

e Likely: 0.4 < P} < 0.6

e Ambiguous: multiple active contexts match,
P <04

e Unresolved: no active context covers the en-
tity

3.2.7 Domain Similarity Matrix

A key insight from early evaluation is that domain
breadth is not equivalent to ambiguity. A query
spanning clinical and research (semantically close)
is less ambiguous than one spanning clinical and
data-standards (operationally distant). We define
a symmetric similarity matrix Sim(d;,d;) € [0, 1]
over the five domains, where values reflect seman-
tic proximity (e.g., Sim(clinical, research) = 0.7,
Sim(clinical, datastandards) = 0.3).

For each entity m, we compute the domain spread:

_ ﬁ 3 (1 — Sim(d;, dy))

(4)
(%3") 5

spread(m)

where the sum is over all pairs of domains in D,,.
The spread ranges from 0 (all domains identical)
to 1 (maximally distant).

3.2.8 Entity Resolution Score

The score Sg is the mean penalty across all
matched entities, where penalties are scaled by
both confidence and domain distance:

1

Sp = —
|M]|

Z penalty(m) - 6(m)

meM

(5)

where d(m) = 0.5+ 0.5 - spread(m) is the distance
factor. Entities spanning close domains (e.g., clin-
ical + research, § ~ 0.65) receive substantially



lower penalties than those spanning distant do-
mains (e.g., clinical + datastandards + pharma-
covigilance, § =~ 0.85).

Base penalties range from 0.0 (resolved) to 0.8 (un-
resolved), with intermediate values modulated by
(1 — P}) for inferred and likely statuses. If no en-
tities are matched (M = (}), Sg = 0.5 (a moderate
default that defers to the NLP path rather than
the previous conservative value of 0.85).

3.3 Path 2: NLP Decision Tree

The NLP path evaluates five structural dimensions
of the query, each producing a sub-score s; € [0, 1]:

1. Verb specificity (25%): classifies the pri-
mary verb as specific (calculate, list), vague
(analyze, show), or absent. Crucially, when
a vague verb has a specific direct object—
detected via domain-specific patterns (e.g.,
“analyze the dose-response curve”, “check the
Kaplan-Meier estimate”)—the penalty is re-
duced from 0.8 to 0.35, reflecting that the ob-
ject disambiguates the verb’s intent.

2. Scope markers (25%): detects references to
specific studies, datasets, time periods, fil-
tering clauses, comparison groups (e.g., re-
sponders vs. non-responders), and population
specifications (e.g., intent-to-treat population).

3. Quantifiers (20%): identifies numeric
bounds, severity grades, temporal constraints,
and trial phases.

4. Output format (15%): checks for explicit
format specifications (as CSV, in a table).

5. Query structure (15%): evaluates length,
compound intents, and sentence complexity.

5
SN = Zwi 71 (6)
=1

3.4 Concept-Driven Insights

Rather than relying on the LLM to identify missing
information, SAGE derives clarifying questions and
missing-context indicators directly from the analy-
sis:

e Missing context: domains referenced by
matched entities but not activated by the user,
with descriptions from the context definition
registry.

¢ Entity disambiguation questions: for am-
biguous or unresolved entities, questions list-
ing the possible domain interpretations.

e Structural questions: from NLP gaps—
unscoped queries prompt for study/time pe-
riod, missing output format prompts for for-
mat preference, vague verbs prompt for spe-
cific actions.

These are injected into the LLM prompt as struc-
tured sections with explicit instructions to use
them directly.

3.5 Adaptive Weighting

Rather than using fixed weights, SAGE adapts the
entity/NLP balance based on analysis conditions:

e No entities matched (|M| = 0): wg = 0.3,
wy = 0.7. The NLP path dominates since
entity resolution has no signal.

¢ Resolved but vague (Sg < 0.15 and Sy >
0.6): wg = 0.35, wy = 0.65. Entities are
domain-resolved but the query is structurally
underspecified (e.g., “What are the regulatory
requirements?”).

e High NLP specificity (Sy < 0.3): wg =
0.5, wy = 0.5. The query is well-formed; equal
weighting prevents entity penalties from cross-
domain terms from dominating.

e Moderate NLP specificity (Sy < 0.45):
wp = 0.55, wy = 0.45,

e Default: wg = 0.6, wy = 0.4.

3.6 LLM Response Control

The tension score gates LLM behavior through
prompt instructions:

e T > 60 (High): present concept-derived clari-
fying questions; do not attempt an answer.

e 30 < T < 60 (Medium): provide a partial



answer using inferred interpretations; flag re-
maining ambiguities.

e 7' <30 (Low): provide a complete answer us-
ing all available context.

4 Evaluation

4.1 Dataset

We evaluate SAGE on a dataset of 30 queries
adapted from public biomedical QA bench-
marks (BioASQ [Tsatsaronis et al., 2015], Pub-
MedQA [Jin et al., 2019]), clinical trial registry
patterns (ClinicalTrials.gov), FDA guidance doc-
ument language, and pharmacovigilance report-
ing terminology. These represent realistic queries
that HCLS professionals—clinicians, biostatisti-
cians, regulatory affairs specialists, and safety
officers—would pose to an agentic Al system.

The dataset comprises 10 high-ambiguity, 10
medium-ambiguity, and 10 low-ambiguity queries.
High and medium queries have no active contexts
(simulating a user who has not yet provided do-
main context); low-ambiguity queries have rele-
vant contexts active. Each query is annotated with
an expected ambiguity level, expected primary do-
main(s), active context configuration, and source
attribution.

The concept registry contains ~70 manually cu-
rated concepts covering standard HCLS terminol-
ogy including hepatotoxicity, checkpoint inhibitors,
Kaplan-Meier, DSUR, EudraVigilance, SUSAR,
and define-XML.

4.2 Baselines

To isolate the contribution of each analysis path,
we evaluate three configurations:

1. Entity Resolution Only: T = |Sg x 100]
(no NLP analysis).

2. NLP Structural Only: 7'= [ Sy x 100] (no
entity resolution).

3. SAGE Composite: full system with adap-
tive weighting.

Table 1: Confusion matrix for SAGE composite
(rows = expected, columns = predicted).

High Medium Low

High 4 6 0
Medium 0 9 1
Low 0 4 6

Table 2: Per-class metrics for SAGE composite.

Class Prec. Rec. F1
High 100.0% 40.0% 57.1%
Medium 47.4%  90.0% 62.1%
Low 85.7%  60.0% 70.6%
Accuracy 63.3%

4.3 Results

4.3.1 Baseline Comparison

Table 3: Comparison of SAGE composite against
single-path baselines.

Approach Acc. High F1 Med F1 Low F1
Entity Ounly 43.3% 46.2% 34.8% 50.0%
NLP Only 60.0% 71.4% 25.0% 75.0%
SAGE Composite 63.3% 57.1% 62.1% 70.6%

The composite system outperforms both single-
path baselines in overall accuracy (Table 3). The
entity-only baseline achieves only 43.3% accuracy,
confirming that domain resolution alone is in-
sufficient for ambiguity classification—it conflates
multi-domain coverage with uncertainty.  The
NLP-only baseline achieves 60.0% accuracy with
perfect high-class recall (100%) but very poor
medium-class F1 (25.0%), because structural anal-
ysis cannot distinguish between queries that are
vague across domains versus vague within a single
domain.

The composite system’s key advantage is balanced
performance across all three classes: it achieves the
highest medium-class F1 (62.1%) by a wide mar-
gin, demonstrating that combining domain knowl-
edge with structural analysis captures ambiguity
patterns that neither path detects alone.



4.3.2 Domain Inference

The contextual inference mechanism achieves
100% domain inference accuracy: for all 30
queries, at least one inferred domain matched the
human-annotated expected domain. The expanded
concept registry and anchor propagation generalize
well to real-world HCLS terminology.

4.3.3 Score Distribution

Table 4: Score distribution by expected ambiguity
level.

Level n Min Max Mean Std
High 10 46 67 57.1 7.6
Medium 10 23 56 43.7 9.4
Low 10 18 34 27.4 4.9

The three classes show clear mean separation (Ta-
ble 4): high (57.1), medium (43.7), low (27.4).
The high-medium overlap spans 10 score points
(46-56), while the medium-low overlap spans 11
points (23-34). Notably, the domain-distance-
aware penalties and adaptive weighting substan-
tially reduced the high-class minimum from 28 (in
an earlier version without these improvements) to
46, eliminating the most problematic overlap re-
gion.

4.3.4 Adaptive Weighting Analysis

The adaptive weighting mechanism activates for 12
of 30 queries:

e Default (18 queries): 72% accuracy.

e High NLP specificity (6 queries): 67% ac-
curacy. These are well-formed cross-domain
queries where equal weighting prevents entity
penalties from dominating.

e Moderate NLP specificity (4 queries):
25% accuracy. These borderline cases remain
challenging.

e Resolved but vague (2 queries): 50% accu-
racy. Queries with resolved entities but high
structural vagueness.

4.3.5 Error Analysis

The 11 misclassified cases reveal three patterns:

High predicted as medium (6 cases). Queries
like “Analyze the biomarker data” and “Review the
submission documents” score in the 48-57 range.
The entity resolution path assigns moderate penal-
ties because the entities span only 2-3 domains
with moderate distance, while the NLP path cor-
rectly identifies structural vagueness (scores 68—
84). The default 60/40 weighting gives insufficient
influence to the NLP signal. These cases would
benefit from a “vague with moderate entity ambi-
guity” adaptive weight condition.

Low predicted as medium (4 cases). Well-
specified queries such as “Calculate the Kaplan-
Meier estimate of progression-free survival for the
intent-to-treat population in study ONCO-2024-
0017 score 31 despite having a specific statis-
tical method, endpoint, population, and study.
The entity resolution path assigns residual penal-
ties because terms like “progression-free sur-
vival” and “Kaplan-Meier” each span two do-
mains (clinical + research). The domain-distance
penalty reduces but does not eliminate this:
Sim(clinical, research) = 0.7 yields § = 0.65, still
producing a non-trivial penalty.

Medium predicted as low (1 case). “Compare
overall survival between the two treatment arms
in the Phase III trial” scores 23 because both
paths rate it as well-specified—specific verb, spe-
cific endpoint, comparison groups, trial phase. The
medium label reflects the missing study identifier,
which neither path penalizes sufficiently.

5 Discussion

5.1 Pre-Flight vs. Post-Hoc Ambiguity
Detection

Most existing approaches to LLM safety in HCLS
operate on the output: filtering harmful content,
checking factual consistency, or measuring gener-
ation uncertainty. SAGE operates on the input,
measuring ambiguity before the model processes
the query. This has several advantages: (1) it
prevents the model from committing to an inter-
pretation before ambiguity is surfaced, (2) it runs
in constant time with no LLM inference cost, and
(3) it produces deterministic, auditable scores suit-
able for regulated environments.



5.2 Domain Distance as a First-Class
Signal

The domain similarity matrix addresses a funda-
mental conflation in naive multi-domain penalty
schemes: treating all domain combinations as
equally ambiguous. Our results show that queries
spanning clinical and research (similarity 0.7) are
systematically less ambiguous than those spanning
clinical and data-standards (similarity 0.3). The
distance factor d reduces low-class misclassification
by lowering penalties for semantically adjacent do-
main pairs, while preserving high penalties for gen-
uinely distant combinations.

5.3 Value of Adaptive Weighting

The baseline comparison demonstrates that nei-
ther analysis path alone is sufficient. Entity reso-
lution excels at domain identification (100% accu-
racy) but poorly classifies ambiguity levels (43.3%)
because it conflates domain breadth with uncer-
tainty. NLP structural analysis captures query
specificity but cannot distinguish domain-specific
from domain-general vagueness (medium F1 of
only 25.0%). The composite system with adaptive
weighting achieves the best balance, particularly
for the medium-ambiguity class where both paths
contribute complementary signal.

5.4 Concept-Driven VS. LLM-

Generated Clarification

A key design decision is deriving clarifying ques-
tions from concept analysis rather than asking the
LLM to generate them. LLM-generated questions
may be plausible but disconnected from the actual
ambiguity structure of the query. Concept-driven
questions are grounded in the specific entities that
failed to resolve and the specific domains that are
missing—they are traceable, reproducible, and au-
ditable.

5.5 Limitations

Registry coverage. The concept registry con-
tains ~70 manually curated concepts. While the
expanded registry achieves 100% domain inference
on real-world queries, terms outside the registry
receive a moderate default score (Sp = 0.5), de-
ferring to the NLP path. This is less conservative

than the original design (Sg = 0.85) but may still
produce false positives for novel but unambiguous
terminology.

Domain similarity calibration. The similar-
ity matrix values are manually assigned based on
operational proximity. Empirical calibration using
co-occurrence statistics from HCLS corpora could
improve these values.

Evaluation scale. The evaluation dataset con-
tains 30 queries with single-annotator labels. A
larger dataset with multiple human annotators and
inter-annotator agreement metrics (e.g., Cohen’s
k) would strengthen the validity of the accuracy
metrics.

Downstream impact. The evaluation measures
classification accuracy of the tension score but does
not assess whether injecting the score into LLM
prompts actually improves response quality. A
user study with domain experts comparing LLM
responses with and without SAGE would quantify
the end-to-end benefit.

Binary context model. Context layers are
binary (active/inactive). A graded context
model—where partial context provides partial
disambiguation—could improve scoring granular-

ity.

6 Future Work

Learned tension model. Fine-tuning a
lightweight classifier (e.g., a small transformer) on
a larger labeled HCLS query dataset could replace
or augment the rule-based NLP tree, capturing se-
mantic patterns that pattern matching misses.

Ontology-backed registry.  Connecting the
concept registry to standard biomedical ontolo-
gies (SNOMED CT, MedDRA, LOINC, RxNorm)
would dramatically expand coverage and enable hi-
erarchical reasoning about concept relationships.

Agentic feedback loop. Allowing the agent to
autonomously retrieve missing context from con-
nected knowledge sources—data catalogs, ontology
services, regulatory databases—to reduce its own
tension score before responding.

Tension-aware routing. Using the score to route



queries to specialized agent personas: high-tension
queries to a disambiguation agent, medium-tension
to a domain-specific expert, and low-tension di-
rectly to execution.

Multi-turn tension tracking. Extending the
framework to track tension across conversation
turns, measuring how each user response or con-
text addition reduces ambiguity over time.

7 Conclusion

We presented SAGE, a pre-flight semantic ambigu-
ity detection framework for LLM agents in health-
care and life sciences. By combining entity reso-
lution with contextual domain inference, domain-
distance-aware penalties, context-aware NLP anal-
ysis, and adaptive weighting, the system quantifies
query ambiguity before any LLM inference occurs.
On a dataset of 30 real-world HCLS queries, SAGE
achieves 63.3% classification accuracy and 100%
domain inference accuracy, outperforming entity-
only (43.3%) and NLP-only (60.0%) baselines. The
domain similarity matrix addresses the conflation
of multi-domain coverage with genuine ambigu-
ity, and the adaptive weighting mechanism ensures
that structurally specific cross-domain queries are
not penalized as ambiguous. SAGE demonstrates
that measuring ambiguity at query time is both
feasible and valuable for improving the safety and
precision of agentic systems in regulated industries.
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