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Abstract

Background. Clinical concept normalization maps free-text mentions to terminology codes but is usually
evaluated with aggregate exact match and a binary seen/novel split. These summaries do not distinguish
mentions recorded as finer-grained than their assigned code. Using native granularity labels in three Spanish
SNOMED CT corpora, we tested whether exact-match error incidence differs between NARROW and EXACT
reference strata across up to five lexical, neural and generative systems.

Results. Systems failed to reproduce the corpus-assigned code under exact match more often for NARROW
mentions (finer-grained than their assigned code) than for EXACT mentions (panel-weighted Mantel-Haenszel
risk ratio 1.72, 95% CI 1.63—1.83). The Wu—Palmer-minus-exact credit gap was larger on NARROW mentions
in all 14 systemxbenchmark cells (geometric mean ratio 1.87, 95% CI 1.71-2.05), driven by error incidence
rather than a consistent difference in conditional error proximity. In the pooled Qwen analysis, sibling and

cousin predictions contributed 56—-67% of summed Wu—Palmer credit among non-exact predictions. Under a
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stricter same-lineage criterion, the uplift beyond exact match was larger for NARROW mentions in 9 of 14 cells.
The larger graded gap retained its direction under alternative metrics, candidate spaces and xXMEN. Graph-
refined novelty classified 825 of 982 code-novel DisTEMIST mentions (84.0%) as ancestor-seen; the remaining
157 were fully isolated (6.3% of all 2,507 mentions). Majority-vote consensus in the blinded three-rater audit
agreed with the corpus labels for 130 of 150 mentions (k = 0.73).

Conclusions. Aggregate exact match obscures a benchmark-relative difference between reference-granularity
strata. For benchmarks with granularity labels, granularity-stratified exact-match error rates should be reported
first; hierarchy-aware scores should be paired with relation types.

Keywords: concept normalization; medical entity linking; semantic annotation; is-a hierarchy; subsumption;

semantic similarity; SNOMED CT; biomedical terminology; evaluation methodology

Background

Clinical concept normalization, or medical entity linking, maps free-text mentions to concepts in a terminology
such as the Systematized Nomenclature of Medicine, Clinical Terms (SNOMED CT). By grounding free text in
a formal terminology, normalization outputs can affect phenotyping, cohort selection, coding, decision support
and cross-institutional data exchange. SNOMED CT is a multilingual reference terminology whose concepts
form a poly-hierarchical is-a graph rather than an unordered code list.

Exact match answers whether the predicted and gold codes are identical, but two non-exact predictions can
occupy very different positions in the SNOMED CT hierarchy. Hierarchy-aware metrics locate those errors, yet
aggregate exact and hierarchy-aware scores still conceal whether performance differs with the specificity of the
reference annotation. Both aggregate scoring and the binary seen/novel split can collapse relevant hierarchy
structure: reference granularity in the first case and training-to-test graph connectivity in the second. Reference-
granularity stratification is the primary analysis; graph-refined novelty is a secondary reporting extension.
Native corpus annotators flag some mentions as NARROW: more specific than the assigned code. In an
observed SympTEMIST case, “bladder wall thickening” was assigned the broader concept Disorder of urinary
bladder. The evaluated LLM reranker returned the direct parent of the assigned concept, Urinary bladder finding:
the prediction scored zero under exact match and remained close in the hierarchy, although it moved further
from the mention’s specificity. We call the within-stratum difference between mean Wu—Palmer and mean exact
match the credit gap. We use this gap as a diagnostic by separating error incidence from conditional error

proximity, then report relation types because recovered credit can be lateral rather than on the same is-a lineage.
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Related work

Hierarchy-aware evaluation of biomedical entity linking rests on an established metric literature: least-common-
ancestor similarity [1], graph distance [2], and count-preserving hierarchical evaluation for SNOMED-style
multi-label coding [3]. Biomedical linkers such as SapBERT [4] and BioSyn [5], including cross-lingual toolkits
such as xXMEN [6], are commonly evaluated with aggregate accuracy and seen/novel status. Standard in-batch
InfoNCE [7] provides the contrastive objective used in our fine-tuning probe.

Most recently, Xu, Nenadic and Stevens [8] proposed a specificity-sensitive framework that classifies
predictions by their logical relation to a fixed gold concept. We use their relation typology but examine the
opposite side of the annotation: whether the source corpus records the mention itself as finer-grained than its
assigned code. Prediction relation and reference granularity are distinct axes: one locates an error, whereas the
other identifies a reference stratum in which exact-code reproduction may differ. We test this reference-side axis
across three Spanish SNOMED CT benchmarks and multiple systems.

Contribution

Our central empirical finding is that mentions recorded as finer-grained than their assigned code have higher
exact-match error rates across the sampled systems, entity types and benchmarks, a difference hidden by
aggregate reporting. We separate error incidence from conditional error proximity, identify which ontology
relations carry hierarchy-aware credit and test the pattern across evaluation choices. As a secondary analysis, we
divide novel mentions into ancestor-seen and fully isolated groups. The released scorer, stratifications and

identifier-free per-item metrics support these analyses (Figure 1).

Methods

Data and benchmarks

We drew up to 800 eligible rows per Spanish SNOMED CT benchmark once with a fixed seed, preserving each
benchmark’s native EXACT/NARROW prevalence. De-duplication to unique (mention, gold) pairs left 678
DisTEMIST, 625 MedProcNER and 800 SympTEMIST rows; these fixed samples were held constant across
systems and metrics. The common 800-row target set a uniform LLM evaluation budget. Eligibility was
restricted to EXACT and NARROW rows before sampling; stratum sizes are summarized in Table 4. The
released identifier-free rows, code and seeds support result recalculation.

Two secondary analyses used different samples. We evaluated an 800-mention English MedMentions sample by

depth band and used the full DisTEMIST test set (n = 2,507) for the overlap analysis.
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o DisTEMIST disease mentions [9]: system-training/candidate pool 4,935 single-code rows / 2,202
unique codes; test 2,507 eligible EXACT/NARROW rows / 1,391 unique codes; sample n = 678
(EXACT 443 / NARROW 235).

e  MedProcNER/ProcTEMIST procedure mentions [10]: sample n = 625 (EXACT 491 / NARROW
134); candidate space 1,687 concepts.

e  SympTEMIST symptom/finding mentions [11]: sample n = 800 (EXACT 603 / NARROW 197);
candidate space 1,810 concepts.

e  MedMentions English mixed-type mentions [12], mapped through UMLS [13]: sample n = 800.
Because it lacks EXACT/NARROW labels, we use depth bands (shallow <2 /mid=3/deep>4)asa
depth-proxy cross-check.

Agreement was quantified with Cohen’s « [14] and interpreted using the Landis—Koch scale [15]. SNOMED CT
provides the reference terminology [16] and is-a hierarchy semantics [17].

Granularity labels

The Spanish corpora provide human granularity labels in the semantic_rel field: EXACT denotes matched
specificity; NARROW denotes a mention more specific than the assigned code. We refer to the code assigned in
each corpus as the gold code. DisTEMIST used two clinical specialists and physician review (reported pairwise
agreement for disease mentions, 82.3) [18]; MedProcNER used two clinical experts and revision by a third
physician (reported total pairwise agreement, 81.2) [19]. These values were not specific to EXACT/NARROW,
and SympTEMIST did not report corresponding annotation details, so we conducted a separate granularity-label
reproducibility audit.

Rows outside EXACT/NARROW were excluded from stratified evaluation. Single-code rows from other strata
could still contribute to system training or candidate-space construction; COMPOSITE, NO_CODE and
concatenated multi-code rows were not evaluated.

Terminology and language

The released granularity labels were analyzed as provided and reflect the corpora’s annotation-time SNOMED
CT editions (DisTEMIST 2022; MedProcNER and SympTEMIST 2023). All hierarchy-based scoring used
terminology labels and is-a ancestors retrieved through OLS4 on 18-19 July 2026. Because the API did not
expose an RF2 release identifier, we fixed the derived maps by retrieval date and SHA-256 digest. We defined

depth as the longest root-to-node path and the least common ancestor (LCA) as the deepest common ancestor.
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Spanish mentions were translated with Qwen2.5-32B-Instruct before matching English labels; MedMentions
required no translation. Additional file 1 gives the decoding and depth-sensitivity details.

Candidate spaces and ontology release

The primary corpus-relative inventory contains the training gold codes and the gold codes of all evaluated test
items. For MedProcNER and SympTEMIST, a complete benchmark-wide test candidate catalogue was
unavailable; only the evaluated test golds were added. We reran all systems in a harder training-only inventory
after removing test-only codes. Candidate counts, frozen-map construction and unresolved-code rules are
described in Additional file 1. Table 1 reports the primary corpus-relative arm.

Normalization systems

We scored five lexical, neural and generative systems:

Lexical (TF-IDF): character n-gram (2—4) cosine similarity.

o  SapBERT: cambridgeltl/SapBERT-from-PubMedBERT-fulltext classification-token (CLS) embedding
cosine retrieval [4].

e Fine-tuned SapBERT: standard in-batch InfoNCE [7] on DisTEMIST and SympTEMIST.
Hyperparameters are in Additional file 1.

e LLM reranker: Qwen2.5-32B-Instruct (Apache-2.0; revision Sedel1c97) greedily returned an ordered
list of five identifiers from the top-20 lexical candidates. The first valid identifier supplied the top-1
scores and the list supplied Recall@5; if none was valid, lexical order was used. Its ranking was
bounded by lexical Recall@?20.

e LLM generator: the same model independently proposed a concept name without a candidate list; the
proposal was fuzzy-matched (Weighted Ratio) to the concept space.

LLM protocol. Both used fixed prompts and greedy decoding on one 80-GB graphics processing unit (GPU).
Prompt recipes, code, seeds, model revisions, fallback counts and environment details are provided in Additional
file 1 and the release.

Use of large language models in manuscript preparation. A large language model assisted with language
editing and with code writing for the rescoring and statistical analyses. The authors checked and edited all such
output and are responsible for the content of the paper. No Al tool is listed as an author. This is separate from the

large language model evaluated as a normalization system in this study (Qwen2.5-32B-Instruct), described above.
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Metrics

We report exact match, is-a consistency, Recall@5 and Wu—Palmer = 2-depth(LCA) / (depth(pred) +
depth(gold)) [1]. Is-a consistency credits a prediction only when it is the gold code, an ancestor of it, or a
descendant of it. It therefore separates same-lineage near-misses from lateral (sibling) errors; off-map pairs score
zero. We also tested normalized inverse LCA path distance and ancestor-set Jaccard, inspired by but distinct
from CoPHE [3]. Root handling and metric definitions are in Additional file 1.

Credit gap. For a system and stratum, the credit gap is mean(Wu—Palmer) minus mean(exact match). It
describes hierarchy proximity, not clinical correctness. Throughout, “error” means failure to reproduce the
corpus-assigned code under exact match. The NARROW/EXACT ratio is gap(NARROW) / gap(EXACT); a
ratio > 1 marks a larger score difference on NARROW mentions.

Overlap (seen/novel) stratification

Each gold code is code-seen, ancestor-seen, or fully-isolated relative to benchmark training codes. Ancestor-seen
means that the gold code is unseen but at least one proper ancestor is training-seen; fully isolated means that
neither the gold code nor any proper ancestor is training-seen. The last two buckets form the conventional “novel”
set.

Fine-tuning-exposure buckets

Fine-tuning gains were grouped by code exposure in the fine-tuning pairs. These buckets differ from the
training-overlap split above; details are in Additional file 1.

Robustness and validity analyses

We tested metric and depth choices, an NLLB-200 translation check, training-only candidate spaces, XMEN [6],
and the public ieeta-pt MedProcNER runs. We also decomposed all 14 cells into error incidence and conditional
proximity and classified errors by ontology relation.

For the human reproducibility audit, three clinical annotators independently re-annotated a balanced 150-
mention sample (50 per benchmark; 25 corpus-EXACT and 25 corpus-NARROW) while blinded to native labels
and system outputs. We report per-annotator Cohen’s k, inter-annotator Fleiss k and majority-vote consensus k
against the native labels. The balanced sample was designed to estimate agreement rather than population label
frequencies. Additional file 1 gives the full protocols and outputs.

Statistical analysis

Inference used archived per-mention outputs. Each of the 14 systemxbenchmark combinations formed a stratum,

with NARROW versus EXACT as the exposure and failure to reproduce the assigned code as the outcome. The



178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

primary summary is the panel-weighted Mantel-Haenszel error-incidence risk ratio; we also report the
corresponding odds ratio for comparison with earlier work. Their 95% intervals use a fixed-seed bootstrap that
resamples mentions within each benchmark and applies the same indices to every system (B = 10,000; seed
12345). The multiplicative decomposition instead uses the geometric mean of the 14 per-cell incidence ratios
because the identity holds between geometric means, not pooled estimators. We used exact McNemar tests for
fine-tuning comparisons and Cohen’s k and Fleiss k for agreement.

We assessed heterogeneity with exploratory Breslow—Day tests, holding the system fixed and using disjoint
benchmarks as strata, and applied a Holm family-wise sensitivity across the five tests. The NARROW/EXACT
gap ratio received a fixed-seed stratum-wise bootstrap interval (B = 2,000; seed 20260805); per-cell intervals
resampled the two strata independently, whereas the geometric-mean interval shared indices across systems
within each benchmark. We also repeated the incidence analysis among mentions whose gold concept had at
least one descendant in the frozen candidate-space-plus-ancestor graph. Code and outputs are deposited (see
Availability of data and materials).

To test whether the granularity label acts as a proxy for lexical or ontological difficulty, we fitted a modified-
Poisson model of exact-match error adjusted for mention length, gold-code training frequency, local candidate-
space density, gold-code depth and system, with cluster-robust variance on source document. The model was
confined to SympTEMIST because it was the only benchmark whose fixed analytic rows retained source-row

alignment.

Results

Overall performance across four benchmarks
Table 1 reports each benchmark’s overall scores. Off-the-shelf SapBERT and the LLM reranker were closely
matched on DisTEMIST (Wu—Palmer 0.826 vs 0.823; exact 0.637 vs 0.633), with wider separation on
MedProcNER and SympTEMIST.
NARROW mentions have higher exact-match error incidence
Within each stratum, the credit gap factors into error incidence and conditional error proximity:

G, = Py(error) X WuPerors, s € {EXACT, NARROW}
where WuPerors is the mean Wu—Palmer similarity among non-exact predictions in stratum s. The
NARROW/EXACT gap ratio is therefore the product of the corresponding incidence and conditional -proximity

ratios; a component ratio above 1 indicates a larger NARROW component.
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The primary panel-weighted Mantel-Haenszel error-incidence risk ratio was 1.72 (95% CI 1.63—-1.83); the
corresponding secondary odds ratio was 3.89 (95% CI 3.33—4.56; Figure 2b). The incidence ratio exceeded 1 in
all 14 systemxbenchmark cells. For the multiplicative decomposition, the equal-cell geometric mean incidence
ratio was 1.81 (95% CI 1.70-1.94), while the conditional-proximity ratio exceeded 1 in 6 cells and had a
geometric mean of 1.03; unrounded values yielded the 1.87x total ratio (1.81 x 1.03; Figure 2a). The equal-cell
mean conditional-proximity difference was +0.007 (95% CI —0.022 to +0.037) and changed sign across
benchmarks (Additional file 1). Thus, failure to reproduce the assigned code was more frequent in NARROW
mentions, whereas conditional error proximity showed no consistent cross-benchmark direction.

In the SympTEMIST analysis with source-linked covariates, the granularity risk ratio was 1.77 (95% CI 1.61—
1.94) before adjustment and 1.55 (95% CI 1.40—1.72) after adjustment for mention length, gold-code training
frequency, candidate-space sibling density, gold-code depth and system (4,000 mentionxsystem rows; 213
document clusters).

All 14 cell-specific odds ratios, reported as secondary effect measures, exceeded 2 (range 2.20—15.45), but the
magnitude varied. In exploratory Breslow—Day tests, only the LLM generator showed heterogeneity after Holm
correction across five systems (adjusted P = 0.001; Additional file 1).

What hierarchy-aware scoring adds: the granularity credit gap

The NARROW credit gap exceeded the EXACT gap in all 14 cells (Figure 3; Table 2). Additive-gap bootstrap
intervals excluded zero in 13 of 14 cells, and the geometric-mean NARROW/EXACT ratio was 1.87 (95% CI
1.71-2.05). The sole exception by either interval criterion was the MedProcNER LLM generator (ratio 1.10, 95%
CI 0.95-1.26).

What the errors are: relation-type composition

We classified each non-exact prediction as ancestor (under-specific), descendant (over-specific), sibling/cousin
(lateral; termed orthogonal in [8]), or unresolved. For a descriptive Qwen-family profile, we pooled the reranker
and generator (2,397 errors); per-system shares are reported separately.

Sibling/cousin errors accounted for 59-87% of error counts across the reranker and generator cells; descendants
accounted for 2—23% and ancestors for 5-21% (Figure 4). In the pooled Qwen profile, descendant shares of error
counts differed by only +2.4, —1.2 and +0.3 percentage points (NARROW — EXACT) across DisTEMIST,
MedProcNER and SympTEMIST. The larger NARROW gap therefore did not arise mainly from over-specific

predictions.
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In the pooled Qwen profile, sibling/cousin errors contributed 58%, 56% and 67% of summed Wu—Palmer credit
among non-exact predictions. In a stricter binary is-a sensitivity that excludes lateral credit, we defined uplift as
mean is-a consistency minus mean exact match within each stratum. This uplift was larger for NARROW
mentions in 9 of 14 cells, and the bootstrap 95% CI for the NARROW-minus-EXACT difference excluded zero
in 6 of 14. The universal graded gap therefore did not extend to ancestor/descendant consistency (Additional file
1).

The NARROW label: a three-annotator human reproducibility check

Three clinical annotators, blinded to native labels and system outputs, independently re-annotated the balanced
150-mention sample. Inter-annotator agreement was moderate (Fleiss k = 0.519, 95% CI 0.41-0.62), and
majority-vote consensus agreed with the corpus label on 130 mentions (86.7%; k = 0.73, 95% CI 0.61-0.84;
Table 3).

Robustness

Model adaptation and metrics. Fine-tuning improved every metric (DisTEMIST exact 0.637—0.677; Wu—
Palmer 0.826—0.857) while leaving the credit gap intact. The ratio increased from 2.36% to 2.66% on
DisTEMIST and decreased from 3.63% to 3.44x on SympTEMIST. The ancestor-seen gain among codes unseen
during fine-tuning (+6.1 points; n = 261) did not differ significantly from the code-seen gain (Additional file 1).
Normalized inverse LCA path distance and ancestor-set Jaccard retained NARROW > EXACT in all 14 cells.
On DisTEMIST, system ordering was identical across exact match, Wu—Palmer, inverse LCA path distance and
ancestor-set Jaccard; both tested node-depth conventions likewise retained ratios above one (Additional file 1).
Depth proxy and candidate space. In MedMentions, credit gaps increased from shallow to deep bands for
every system. Because MedMentions lacks granularity labels and depth is partly coupled to Wu—Palmer, this is a
cross-check rather than a direct replication (Additional file 1). Removing every test-only code reduced absolute
accuracy and attenuated the pattern, but ratios remained > 1 in all 14 cells. Additive-gap intervals excluded zero
in 10 of 14 cells, versus 13 under the primary corpus-relative arm (Additional file 1).

Frozen-map leaf restriction. Gold concepts with at least one descendant in the candidate-space-plus-ancestor
graph occurred in 46.8% of NARROW versus 44.2% of EXACT mentions on DisTEMIST, 48.5% versus 48.3%
on MedProcNER, and 43.7% versus 30.3% on SympTEMIST. After restriction to these concepts, the error-
incidence odds ratio was 6.01 (95% CI 4.79—7.69), compared with 3.89 (95% CI 3.33—4.56) overall. The contrast

therefore persisted after leaves in the frozen map were excluded (Additional file 1).
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External implementations and graph coverage. On separate stratified 800-mention draws, xMEN [6] showed
the same direction on all three Spanish benchmarks (ratios 3.72, 2.05 and 2.49). Its candidate-generation mode
and corpus-relative spaces differed from the primary analysis, so we compare the pattern rather than absolute
scores (Figure 5). Because ieeta-pt used the full gazetteer, only 56% of EXACT and 17% of NARROW
predictions resolved in our graph (Additional file 1). On the resolvable domain its runs showed
NARROW/EXACT ratios of 2.84-3.20, whereas the ratio fell below 1 over the full matched output because
unresolved NARROW predictions were zero-scored (Figure 5). This contrast shows how differential graph
coverage changes the estimated ratio.

The flat seen/novel split hides hierarchical structure

As a secondary reporting extension, we refined conventional code-level novelty by whether an unseen gold code
had a training-seen ancestor. In the full DisTEMIST test set (n = 2,507), 60.8% of mentions were code-seen and
39.2% novel. Of the latter, 84.0% had a seen ancestor (32.9% of all mentions); only 6.3% (n = 157) were fully

isolated (Additional file 1). Distance-band results are shown in Additional file 1.

Discussion

Across the sampled Spanish benchmarks, NARROW mentions had higher benchmark-relative exact-match error
incidence (panel-weighted risk ratio 1.72, 95% CI 1.63—1.83), while the conditional-proximity difference was
small overall and changed direction across benchmarks. The main pattern therefore concerns whether systems
reproduce the gold code, not where their non-exact predictions consistently land; its direction held in every cell,
with varying magnitude. These estimates describe benchmark-target reproduction, not clinical failure.

Within that benchmark-relative interpretation, these results extend two established lines of evaluation. LCA
similarity, graph distance and CoPHE locate or count hierarchy-aware disagreement [1-3], while Xu et

al. classify each prediction’s logical relation to a fixed gold code [8]. Neither approach stratifies performance by
a property of the reference annotation. We add reference-granularity stratification, separate error incidence from
conditional error proximity, and use relation types to distinguish in-lineage from lateral credit.

The blinded three-rater audit quantified the reproducibility of the reference-granularity axis. Majority-vote
consensus agreed with the native corpus label for 86.7% of mentions (k = 0.73), with moderate inter-annotator

agreement at the EXACT/NARROW boundary.

10
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Granularity-stratified exact-match rates and hierarchy-aware scores answer different questions: the former

should be reported first, and the latter added with relation types when semantic location matters. Applying this
approach elsewhere will require comparable granularity annotation.

Limitations

The three Spanish corpora were produced within the same shared-task series using related annotation
conventions, so an independently annotated non-Spanish benchmark remains an important test of generalizability.
In SympTEMIST, attenuation after covariate adjustment indicates that measured difficulty explains part, but not
all, of the association.

Hierarchy proximity does not establish clinical acceptability, and some NARROW mentions may require post-
coordination rather than a finer pre-coordinated concept [20]. The mention bootstrap preserved repeated scoring

across systems but did not model clustering within documents, so its intervals may be anti-conservative.

Conclusions

In the sampled Spanish benchmarks, systems failed to reproduce the corpus-assigned code more often for
NARROW than EXACT mentions, whereas conditional error proximity varied in direction by benchmark. An
aggregate exact-match score therefore obscures a reference-side difference that granularity-stratified rates expose.
For benchmarks with granularity labels, granularity-stratified exact-match rates should be reported first and,
when needed, hierarchy-aware scores paired with relation types. Separately, seen/novel reporting can distinguish

code-seen, ancestor-seen and fully isolated mentions.
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CI: confidence interval; CLEF: Conference and Labs of the Evaluation Forum; CoPHE: count-preserving
hierarchical evaluation; InfoNCE: information noise-contrastive estimation; LCA: least common ancestor; LLM:
large language model; NLLB: No Language Left Behind; OLS4: Ontology Lookup Service, version 4; OR: odds
ratio; RR: risk ratio; SapBERT: self-alignment pretraining for biomedical entity representations; SNOMED CT:
Systematized Nomenclature of Medicine, Clinical Terms; TF—IDF: term frequency—inverse document frequency;

UMLS: Unified Medical Language System; xMEN: cross-lingual medical entity normalization (toolkit)
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Tables

Table 1 Overall performance on four SNOMED CT benchmarks

Benchmark System n Exact Is-a Wu—Palmer Recall@5
DisTEMIST lexical 678 0.488 0.606 0.732 0.671
DisTEMIST SapBERT 678 0.637 0.736 0.826 0.816
DisTEMIST SapBERT-ft 678 0.677 0.785 0.857 0.873
DisTEMIST LLM reranker 678 0.633 0.742 0.823 0.763
DisTEMIST LLM generator 678 0.301 0.422 0.559 —
MedProcNER lexical 625 0.443 0.603 0.761 0.691
MedProcNER SapBERT 625 0.642 0.747 0.847 0.845
MedProcNER LLM reranker 625 0.602 0.746 0.838 0.755
MedProcNER LLM generator 625 0.250 0.429 0.602 —
SympTEMIST lexical 800 0.409 0.502 0.611 0.550
SympTEMIST SapBERT 800 0.584 0.639 0.741 0.748
SympTEMIST SapBERT-ft 800 0.659 0.706 0.786 0.878
SympTEMIST LLM reranker 800 0.551 0.621 0.700 0.634
SympTEMIST LLM generator 800 0.254 0.341 0.462 —
MedMentions lexical 800 0.635 0.708 0.772 0.756
MedMentions SapBERT 800 0.851 0.896 0.915 0.943
MedMentions LLM reranker 800 0.688 0.757 0.812 0.769

Best Exact, Is-a, Wu—Palmer and Recall@5 values per benchmark are in bold. MedProcNER includes four

systems and MedMentions three; neither includes fine-tuned SapBERT, and MedMentions also lacks archived

generator predictions. The three Spanish benchmarks form the primary analysis; MedMentions is an English

depth-proxy cross-check, and XMEN is reported separately. Recall@5 is undefined for the generator because it

does not return a ranked candidate list. Scores are corpus-relative. Because complete benchmark-wide test

candidate catalogues were unavailable for MedProcNER and SympTEMIST, their candidate spaces contain the

evaluated golds and fewer distractors than DisTEMIST; absolute scores should therefore be compared within,

rather than across, benchmarks.

Table 2 Per-system credit gap (Wu—Palmer — exact match) by native-corpus granularity label, three Spanish

benchmarks

Benchmark System gap EXACT gap NARROW  Ratio (N/E) [95% CI] AG [95% CI]
DisTEMIST SapBERT-ft 0.114 0.303  2.66 [2.01, 3.60] 0.189 [+0.135, +0.243]
DisTEMIST SapBERT 0.128 0.303  2.36[1.84,3.06] 0.175 [+0.122, +0.227]
DisTEMIST LLM reranker 0.136 0.291  2.14[1.68,2.77] 0.155 [+0.102, +0.210]
DisTEMIST lexical 0.224 0.280 1.25[1.01, 1.55] 0.057 [+0.005, +0.109]
DisTEMIST LLM generator 0.227 0.315  1.39[1.18, 1.66] 0.088 [+0.041, +0.134]
MedProcNER SapBERT 0.166 0.350  2.10[1.68, 2.62] 0.184 [+0.125, +0.242]
MedProcNER LLM reranker 0.209 0.335  1.60[1.30, 1.98] 0.126 [+0.065, +0.189]
MedProcNER lexical 0.297 0394  1.33[1.11, 1.57] 0.097 [+0.035, +0.160]
MedProcNER LLM generator 0.345 0.379  1.10[0.95, 1.26] 0.034 [-0.019, +0.087]
SympTEMIST SapBERT-ft 0.080 0.274  3.44[2.62,4.58] 0.195 [+0.145, +0.245]
SympTEMIST SapBERT 0.095 0.346  3.63 [2.87,4.66] 0.250 [+0.201, +0.299]
SympTEMIST LLM reranker 0.113 0.258  2.28[1.76,2.88] 0.145 [+0.099, +0.193]
SympTEMIST lexical 0.181 0.269  1.49[1.22,1.79] 0.089 [+0.043, +0.136]
SympTEMIST LLM generator 0.195 0.249  1.28[1.09, 1.52] 0.055 [+0.016, +0.094]

Credit gap = mean(Wu—Palmer) — mean(exact) within stratum. Ratio = gap(NARROW)/gap(EXACT); > 1

means hierarchy-aware scoring adds proportionally more score beyond exact match on NARROW mentions. Its

geometric mean across the 14 cells is 1.87 (95% CI 1.71-2.05). AG is the additive NARROW-minus-EXACT

gap. Fixed-seed mention bootstraps used B = 10,000 for AG and B = 2,000 for ratios; the geometric-mean

interval shares sampled indices across systems within each benchmark. The MedProcNER LLM generator is the
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only cell whose ratio interval includes 1 and whose AG interval includes zero. Rows within each benchmark are
ordered by exact-match accuracy.

Table 3 Human granularity-label reproducibility

Annotation pass Sample Cohen’s k (95% CI) Raw agreement
Study rater R1 balanced stratified, n = 150 0.61 (0.48-0.73) 80.7%
Study rater R2 balanced stratified, n = 150 0.63 (0.50-0.74) 81.3%
Study rater R3 balanced stratified, n = 150 0.67 (0.54-0.79) 83.3%

Across the three blinded annotators, inter-annotator Fleiss k = 0.519 (95% CI 0.41-0.62); majority-vote
consensus vs native corpus labels k = 0.73 (95% CI1 0.61-0.84).

Table 4 Evaluation-sample sizes by granularity stratum

Benchmark EXACT NARROW Total
DisTEMIST 443 235 678
MedProcNER 491 134 625
SympTEMIST 603 197 800
Figures

Figure 1 Study overview. In the observed SympTEMIST example, the mention “bladder wall thickening” is
assigned the broader concept Disorder of urinary bladder, which omits the specific wall thickening and is
therefore labelled NARROW. The LLM reranker predicts the assigned code’s direct parent, Urinary bladder
finding: exact match is zero and Wu—Palmer remains high, although the prediction moves further from the
mention’s specificity. The pipeline applies this comparison across three Spanish benchmarks with
EXACT/NARROW labels and MedMentions as an English depth proxy. Predictions from up to five
normalization systems are evaluated by exact match and hierarchy-aware metrics on the SNOMED CT is-a
graph. The granularity credit gap is Wu—Palmer minus exact match within each stratum. We decompose the gap,
examine relation types, and run the system, metric, candidate-space, graph-coverage and overlap checks shown.
Figure 2 The granularity difference is incidence-dominated, not proximity-dominated. (a) The geometric-mean
NARROW/EXACT gap ratio (1.87x) factors, on a log axis anchored at 1.0, into an equal-cell error-incidence
component (1.81%) and a conditional-proximity component (1.03x). (b) The secondary panel-weighted Mantel—
Haenszel error-incidence odds ratio is 3.89 (95% CI 3.33-4.56), with every per-system estimate above 2.7 (2.77—
5.54); the primary risk-ratio estimate is 1.72 (95% CI 1.63—1.83). Exploratory unadjusted heterogeneity tests
were below 0.05 for two systems; after Holm correction across five tests, only the LLM generator remained
below 0.05.

Figure 3 Granularity credit gaps across 14 systemxbenchmark cells. Each row is one cell; the light point is the
credit gap (Wu—Palmer — exact match) on EXACT mentions and the dark point on NARROW mentions, joined

by the additive gap AG = gap NARROW — gap EXACT. NARROW exceeds EXACT in every cell; the
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additive-gap bootstrap 95% Cls exclude zero in 13/14 cells (the hollow point marks the single exception, the
MedProcNER LLM generator, AG +0.034 [—0.019, +0.087]). Rows are ordered by exact-match accuracy within
each benchmark. Values are in Table 2.

Figure 4 Relation-type composition of non-exact predictions (pooled LLM reranker + generator), EXACT vs
NARROW strata. Sibling/cousin (“orthogonal”) predictions dominate both strata on all three benchmarks; the
over-specific (descendant) share does not rise consistently from EXACT to NARROW (pooled
NARROW-EXACT difference +2.4 percentage points on DisTEMIST, —1.2 on MedProcNER and +0.3 on
SympTEMIST).

Figure 5 Selected cross-system checks. Each plotted row shows the NARROW/EXACT credit-gap ratio (points
coloured by benchmark; ratio = 1 marks no gap): the in-house SapBERT reference (2.10-3.63), in-domain fine-
tuning (2.66-3.44), the external xXMEN toolkit (2.05-3.72) and a CLEF-2023 participant system (ieeta-pt, five-
run range 2.84-3.20 on its graph-resolvable output). Alternative graph metrics, NLLB-200 translation and a
harder training-only candidate space are reported in Additional file 1. The first three rows assess robustness

across implementations; the participant row diagnoses sensitivity to graph coverage.

Additional files

Additional file 1 (.docx). Supplementary Methods, Supplementary Results, Tables S1-S5 and Figures S1-S6.
Includes extended terminology, translation and candidate-space methods; system and fine-tuning details; metric
implementation; robustness and inference protocols; re-annotation results; depth-proxy validity; fine-tuning
exposure buckets; incidence/proximity decomposition; binary same-lineage sensitivity; descendant-availability
restriction; exploratory Breslow—Day tests; the identifier-free per-mention schema; gap-ratio intervals; metric,

depth and training-only sensitivity analyses; XMEN and participant audits; and extended limitations.
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