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Introduction: Linked datasets built with semantic-web technologies are large and 

growing in number, which makes querying them expensive and makes prior 

knowledge of their content valuable for targeted retrieval. 

Objectives: This paper addresses two coupled problems in the medical domain using 

Linked Data principles: grounding medical term mentions in the Medical Subject 

Headings (MeSH) vocabulary — resolving a surface mention to its concept — and 

mapping the resulting terms, including compound candidate terms (multi-word ex-

pressions that may contain two or more candidate terms), by their most specific 

broader descriptor. 

Methods: We exploit the Medical Subject Headings (MeSH) controlled vocabulary 

published by the U.S. National Library of Medicine (NLM) as RDF, and its public 

SPARQL endpoint, to assign each input term the most specific broader descriptor(s) 

that subsume it in the MeSH polyhierarchy. Because a term may appear in several 

MeSH hierarchies, the method naturally returns one or more class labels. We then 

propose an extension that classifies compound terms absent from MeSH by decom-

posing them into components and computing their least common subsumer over 

MeSH tree numbers. We describe a three-stage pipeline (input validation, SPARQL 

interrogation over HTTP, and descriptor extraction), the auto-generated SPARQL 

query at its core, and an evaluation against the live MeSH endpoint. 

Results:  Measured against a tree-number-walking alternative, the single direct query 

returns the same classes about four times faster (warm median 543 ms vs. 2178 ms) 

using one HTTP round-trip instead of three to five. On a constructed benchmark 

spanning four MeSH domains (cardiology, oncology, pulmonology, neurology), the 

LCS extension assigns a correct class to all 3570 intra-domain concept pairs and cor-

rectly abstains on all 8207 cross-domain pairs, whereas on a free-text clinical corpus 

it recovers none of eleven terms — results that delimit the method’s scope precisely: 

it classifies compounds built from indexed concepts, not arbitrary free-text phrases. 

On a standard disease-mention corpus (NCBI Disease), enhancing the lookup with 

synonyms, case variants, and abbreviation expansion raises resolution coverage from 

1.5% to 48.8%, while classification remains reliable once a term is resolved. 

Conclusions: Overall, the direct SPARQL-based method classifies medical terms in 

MeSH quickly and reliably, The main challenge remains resolving terms from real 

clinical text, and synonym and abreviation matching appear to be the most promising 

way to improve this. 

Keywords: Linked Data; MeSH RDF; SPARQL; term classification; compound 

terms; biomedical informatics; semantic web; controlled vocabulary; least common 

subsumer. 
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1. INTRODUCTION 

The Web began as a collection of human-readable documents identified by URLs and interlinked by hypertext. These 

documents describe real-world resources in natural language that machines cannot interpret directly. The Web of 

Data extends this model by publishing data in machine-readable formats and connecting them through Uniform 

Resource Identifiers (URIs), so that both people and machines can collect, combine, and reuse them [1], [2]. Linked 

Data is the set of design principles that make this interlinking possible: use URIs to name things, use HTTP URIs so 

they can be dereferenced, return useful information using standards such as RDF and SPARQL, and include links to 

other URIs [3]. 

In the biomedical field, Linked Data has become a practical necessity. Clinical and medical information is 

overwhelmingly expressed in natural language and therefore cannot be processed reliably by standard web 

technologies without prior structuring [4]. Linked Data supports the construction of reference repositories, the 

alignment of medical ontologies, the handling of legal constraints around personal data, and the qualification and 

reuse of data across institutions [2], [5]. 

Among the pioneers of medical term organization is the U.S. National Library of Medicine (NLM), which created the 

Medical Subject Headings (MeSH) thesaurus to index and retrieve the biomedical literature [6], [7]. MeSH is now 

published as Linked Data (MeSH RDF) and is queryable through a public SPARQL endpoint, which makes it an 

exceptionally rich source for resolving and organizing medical terminology [8]. MeSH RDF itself comprises on the 

order of 154.7 million triples [8], and querying large public SPARQL endpoints is both costly and unreliable: across 

427 endpoints monitored over 27 months, even simple lookups averaged 270–400 ms (some taking several seconds), 

generic-query performance varied by 3–4 orders of magnitude, and only 32.2% of endpoints reached high monthly 

availability [20]. Knowing the content of such datasets in order to issue targeted queries is therefore valuable. 

This paper studies the following problem: given a compound candidate term in the medical domain, classify it 

according to its lowest (most specific) common ancestor in the MeSH hierarchy. A compound candidate term is a 

term that contains at least two candidate terms; candidate terms themselves are the longest sequences of nouns and 

adjectives extracted from a corpus [9]. Because a term can be classified only once it has been resolved (grounded) to 

a MeSH concept, we also study this upstream resolution step on real-text mentions. Our contributions are: 

1. A taxonomic assignment method that issues a single, directly targeted SPARQL query against the NLM MeSH 

endpoint to retrieve the broader descriptor(s) of an input term, overcoming the incomplete-hierarchy limitation 

of the interactive MeSH browser and the implementation overhead of tree-number manipulation; 

2. An extension that classifies compound terms absent from MeSH by decomposition and least common subsumer 

(LCS) over tree numbers, thereby generalizing classification beyond verbatim vocabulary membership; 

3. A quantitative evaluation against the live MeSH endpoint: the single direct query returns the same classes about 

four times faster than tree-number walking using one HTTP round-trip instead of three to five, and the LCS 

extension classifies 3570/3570 intra-domain concept pairs across four MeSH domains while correctly abstaining 

on 8207/8207 cross-domain pairs; 

4. A study of resolution coverage on a real corpus (NCBI Disease): exact preferred-label matching resolves only 

1.5% of disease mentions, whereas matching against synonyms (entry terms), case variants, and expanded 

abbreviations raises coverage to 48.8% (45.4% to the correct concept), localizing the bottleneck at resolution 

rather than classification. 

The remainder of the paper is organized as follows. Section 2 reviews related work. Section 3 introduces the necessary 

background on MeSH RDF and SPARQL. Section 4 presents the proposed approach and its extension. Section 5 

reports case studies, and Section 6 reports the evaluation. Section 7 discusses limitations, and Section 8 concludes. 

2. RELATED WORK 

Terminology and term extraction. A term is a lexical unit whose meaning is defined relative to a domain of 

specialty rather than a free linguistic context [9], [10]. Automatic extraction of multi-word terms from text is a long-

standing task; the C-value/NC-value method of Frantzi, Ananiadou, and Mima remains a reference for recognizing 
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nested and compound terms by combining statistical and linguistic evidence [9]. Our work begins after extraction: 

the compound candidate terms are inputs to be classified. 

Controlled biomedical vocabularies. MeSH is a controlled vocabulary maintained by the NLM for indexing and 

retrieving the biomedical literature [6], [7]. It is one component of the broader Unified Medical Language System 

(UMLS), which integrates MeSH, SNOMED CT, and many other sources into a common metathesaurus [11]. Mapping 

free biomedical text onto such vocabularies is the role of tools such as MetaMap [12]. Whereas MetaMap focuses on 

recognizing concepts in text, our problem is the organization of already-identified compound terms into the MeSH 

hierarchy. 

Biomedical concept normalization and entity linking. Resolving a free-text mention to its concept in a 

controlled vocabulary — normalization, or entity linking — is the upstream task on which our grounding step builds. 

Dictionary- and learning-to-rank approaches such as DNorm normalize disease mentions against MeSH and 

outperform string-matching baselines like MetaMap on the NCBI Disease corpus [23], and TaggerOne models 

recognition and normalization jointly [24]. More recent work learns dense representations of concept names: BioSyn 

aligns mentions with synonyms by contrastive synonym marginalization [25], and SapBERT self-aligns biomedical 

entity representations and reaches state-of-the-art entity linking against UMLS [26]. Our resolution step is 

deliberately lightweight — exact, synonym, and abbreviation matching expressed directly as SPARQL over MeSH 

RDF — and we regard these neural normalizers as the natural route to close the residual coverage gap (Section 7). 

Linked Data and the semantic web. The semantic web envisions machine-interpretable links between datasets 

[1], realized through Linked Data best practices [3] and surveyed in [2] and [13]. In the life sciences, Bio2RDF was 

an influential effort to expose heterogeneous bioinformatics databases as interlinked RDF and to query them with 

SPARQL [14], demonstrating the value of a Linked-Data substrate for biomedical knowledge integration — the same 

substrate on which MeSH RDF is built. 

Taxonomy-based classification and semantic similarity. Methods that exploit the structure of a taxonomy 

frequently rely on the least common subsumer (the lowest common ancestor of two concepts). Resnik’s information-

content measure and the Wu–Palmer measure both derive concept relatedness from this shared ancestor [15], [16], 

and these ideas have been adapted to the biomedical domain over ontologies such as SNOMED CT [17]. Our approach 

is related in spirit — we also classify by the most specific subsuming descriptor — but it is structural and explicit: 

rather than computing a numeric similarity score, we read the MeSH polyhierarchy directly through SPARQL and 

return the broader descriptor(s) as class labels. 

3. BACKGROUND: MESH RDF AND SPARQL 

3.1 MESH RDF 

MeSH RDF is a Linked-Data representation of the biomedical vocabulary, designed to facilitate sharing and linking 

of data that were historically distributed as XML [8]. Every statement is encoded as an RDF triple (subject, predicate, 

object); a collection of triples forms a knowledge graph that can be queried with SPARQL. 

MeSH is organized into 16 top-level categories (A–Z), each divided into sub-categories that contain descriptors 

arranged from the most general (highest in the tree) to the most specific (lowest), with up to about thirteen levels of 

depth. The vocabulary is structured on three levels: descriptors (main headings) and qualifiers (subheadings); 

concepts, which are groups of synonymous terms; and terms, the lowest nodes, grouped into concepts. 

Each descriptor carries one or more tree numbers that encode its position(s): an alphabetical prefix denotes the 

category (e.g., “C” for Diseases) and a dotted numeric suffix denotes the location in the hierarchy (e.g., Heart Diseases 

[C14.280]). Because a descriptor can belong to several hierarchies, it can have several tree numbers — this is the 

polyhierarchy. For example, Nose Diseases is identified by both [C08.460] and [C09.603]. The vertical relation 

between a descriptor and its immediate broader descriptor is expressed by the property meshv:broaderDescriptor. 

3.2 SPARQL 

SPARQL (“SPARQL Protocol and RDF Query Language”) is the W3C standard query language and protocol for RDF 

data [18], [19]. It treats data as a directed, labeled graph of triples; a query consists of triple patterns whose variables 
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are bound by matching them against the dataset. A SELECT query has three parts: a prologue (BASE/PREFIX 

declarations), a head (SELECT and the projected variables), and a body (the WHERE graph pattern, with optional 

FROM, FILTER, OPTIONAL, ORDER BY, LIMIT, OFFSET). MeSH RDF exposes a SPARQL endpoint over HTTP at 

http://id.nlm.nih.gov/mesh; queries can be transported via HTTP GET/POST and results returned as HTML, XML, 

CSV, or JSON. In this work, results are consumed as JSON. 

4. PROPOSED APPROACH 

4.1 OBJECTIVE 

The goal is to assign to each compound candidate medical term its most specific broader descriptor(s) in MeSH — 

the lowest ancestor that subsumes it. Because MeSH is a polyhierarchy, a term may be subsumed in several places; 

the method therefore returns a set of class labels rather than a single one. 

4.2 DESIGN ALTERNATIVES CONSIDERED 

We explored three retrieval strategies before settling on the final one: 

5. MeSH browser. Convenient for manual lookup, but it returns only a partial hierarchy. For the compound 

term Conjunctival Neoplasms, the browser roots the returned subtree at Neoplasms, hiding the higher ancestor 

that actually exists. This truncation is problematic when the sub-terms of a compound are distant in the 

hierarchy. 

6. Tree-number truncation. Because tree numbers are unique positional identifiers, one can ascend the 

hierarchy by removing trailing digit groups. For Conjunctival Neoplasms [C11.187.169], removing the last group 

yields [C11.187] (the immediate broader descriptor in that hierarchy); removing two groups yields [C11]. This is 

feasible but implementation-heavy, especially across multiple hierarchies. 

7. Direct broaderDescriptor query (chosen). Issuing a single SPARQL query that retrieves the broader 

descriptor(s) of the input term is the most direct path: it returns exactly the class label(s) we need, across all 

hierarchies, in one round trip. 

4.3 Classification Pipeline 

The method has two stages: 

8. MeSH RDF interrogation. A SPARQL SELECT query is directly formulated and submitted by the user. This 

query is encapsulated as a parameter within an HTTP request sent to the MeSH RDF endpoint. If the query 

successfully matches existing concepts, a JSON response containing the broader descriptor(s) is returned; 

otherwise, a 'not found' message is generated  

9. Classification. The application parses the JSON, extracts the broader descriptor label(s) — the most specific 

parent(s) — and displays them as the term’s semantic category/categories.  

4.4 Core Sparql Query 

The query at the heart of the method binds the input term by its English label and retrieves the labels of its broader 

descriptors: 

PREFIX rdf:   <http://www.w3.org/1999/02/22-rdf-syntax-ns#> 

PREFIX rdfs:  <http://www.w3.org/2000/01/rdf-schema#> 

PREFIX meshv: <http://id.nlm.nih.gov/mesh/vocab#> 

PREFIX mesh:  <http://id.nlm.nih.gov/mesh/> 

SELECT DISTINCT ?result 

FROM <http://id.nlm.nih.gov/mesh> 

WHERE { 

  ?child  rdfs:label            "<TERM_TO_CLASSIFY>"@en . 
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  ?child  meshv:broaderDescriptor ?parent . 

  ?parent rdfs:label            ?result . 

} 

The placeholder <TERM_TO_CLASSIFY> is substituted at run time with the validated input term. The DISTINCT 

modifier removes duplicate labels, and FROM <http://id.nlm.nih.gov/mesh> scopes the query to the MeSH graph. 

4.5 Base Algorithm 

Input:  Q (a SPARQL SELECT query, as a string)  

Output: the set of broader-descriptor labels, or an error 

1.response <- httpRequest(endpoint, Q) // GET/POST to the MeSH SPARQL endpoint   

2.if response is empty then   

3.   return "term not found in MeSH"    

4.return parseDescriptors(response)   // Extract labels from the JSON response  

4.6 Extension: Classifying Unseen Compounds Via Decomposition And Least Common Subsumer 

The base method classifies a term only if that exact term exists in MeSH as a descriptor or entry term. To organize 

compound terms that are absent from MeSH — yet whose components are present — we add a second route based 

on the least common subsumer (LCS), the lowest node that subsumes all components. 

The key observation is that MeSH tree numbers encode the path from the root, so the least common subsumer of 

several components is simply the longest common prefix of their tree numbers. For example, if two components 

resolve to C14.280.647.250 and C14.280.647.500, their longest common prefix is C14.280.647 (Myocardial 

Ischemia), which becomes the class of the compound. If the components share no common prefix (different category 

letters), the term is genuinely cross-category and has no common ancestor — a meaningful outcome rather than an 

error. 

Input:  C  (The set of terms that compose a compound term absent from MeSH) 

Output: the LCS descriptor label(s), or "no common ancestor" 

1. for each component c in C:  

2.   TN[c] <- treeNumbers(c)   // SPARQL: meshv:treeNumber / rdfs:label 

3. prefix <- argmax over (one tree number per component) of longest common dotted-segment prefix // Compute 

the argmax of the longest common dotted prefix 

4. if prefix is empty then      

5.   return "no common ancestor (cross-category term)"  

6. return descriptorsAt(prefix)   // SPARQL: descriptor whose tree number = prefix 

Under polyhierarchy a component may have several tree numbers; step 3 selects the combination that yields the 

deepest (most specific) common prefix. For compounds of more than two components, the LCS is obtained by 

reducing pairwise. 

5. CASE STUDIES 

We tested the base method on medical terms drawn from medical texts, from the simplest (single-word) to four-word 

compounds and terms with special characters, cross-checking each returned descriptor against the MeSH browser. 

• Single-word term — Troponin. Confirms a non-compound term is correctly looked up and its broader descriptor 

returned. 
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• Two-word compound — Gray Matter. Returns Brain and Spinal Cord, because the term appears in two distinct 

MeSH hierarchies — correct handling of polyhierarchy. 

• Multi-word compound — Superficial Musculoaponeurotic System. Returns Face and Neck, consistent 

with the term’s hierarchies. 

• Term with a special character — 17-Ketosteroids. The validation step accepts the hyphenated input, and the 

method returns Ketosteroids and Adrenal Cortex Hormones. 

• Four-word compound — Cardio Ankle Vascular Index. Confirms behavior on longer compounds. 

For terms registered in MeSH, the method retrieves the correct most-specific ancestor(s) and correctly returns 

multiple class labels under polyhierarchy. MeSH is extensive but not exhaustive, and it is updated on weekdays; some 

clinically attested expressions are not yet registered, and the base method returns no result for them. Table I lists the 

compound terms encountered during testing that the base method could not classify. 

Table I. Compound candidate terms not classifiable by the base method (absent from MeSH). 

Term Term 

appropriate treatment conventional anti-ischemic treatment 

circumflex occlusion inter-ventricular anterior distal 

cardiac consultation coronary artery radiography exploration 

frontal cutting heterogeneous thinning anterior wall 

collateral occlusion irregular inter-ventricular 

transverse cutting negative clinical test 

sagittal cutting normal systolic function 

persantine injection ambulatory inferior myocardial 

moderate concentric inter-ventricular anterior 

multifactorial atheromatous long occlusion 

 

Most of these are free-text clinical phrases rather than standardized headings, which explains their absence from a 

curated vocabulary; many, however, contain a component that is present in MeSH and are therefore candidates for 

the LCS route of Section 4.6. 

6. EVALUATION 

6.1 Experimental Setup 

We evaluate the approach directly against the public NLM MeSH SPARQL endpoint 

(https://id.nlm.nih.gov/mesh/sparql), querying the current (2026) MeSH release. Because MeSH RDF is 

republished on weekdays, we fix and report the release year to make the experiment reproducible. All queries were 

issued from a single client machine over a standard internet connection; we therefore report latency as a property of 

the public-endpoint setting the method is designed for, not of a local triple store. 

The test set has two parts. The first is a set of four terms registered in MeSH (Section 5); on these we compare the 

two retrieval strategies, the direct broaderDescriptor query and the tree-number ascent. The second is a set of eleven 

clinically attested compound terms absent from MeSH (Table I); on these the direct method returns nothing, and we 

measure how many the decomposition-plus-LCS method (Section 4.6) recovers. 
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Each (term, method) pair is executed ten times: one cold run (first request) and nine warm runs. We report cold 

latency, the mean, median, and 95th-percentile warm latency (the percentile guards against outliers the mean hides), 

and the number of HTTP round-trips each method requires, as well as coverage (fraction of terms for which a class 

is returned). Correctness is assessed by checking each returned descriptor against the term’s hierarchy in the MeSH 

browser. 

6.2 Efficiency: Direct Query Vs. Tree-Number Ascent 

Table II reports latency and round-trip counts averaged over the four in-MeSH terms. The direct method needs a 

single round-trip; the tree-number ascent needs one request to obtain the term’s tree number(s) plus one request per 

parent position, which is the source of its higher cost. 

Table II. Efficiency on the four terms registered in MeSH (averaged; warm = steady-state). 

Method HTTP round-

trips 

Cold (ms) Warm mean 

(ms) 

Warm median 

(ms) 

Warm p95 

(ms) 

Direct 

(broaderDesc

riptor) 

1 552 545 543 556 

Tree-number 

ascent 

3–5 (avg. 3.5) 2202 2182 2178 2217 

 

Both methods returned identical, correct classes for all four terms (e.g., Troponin → Microfilament Proteins; 

Multiprotein Complexes; Muscle Proteins), so the comparison is on cost for the same output. The direct cold figure 

excludes the very first request of the run, a one-time connection warm-up of ≈2.9 s. 

The direct strategy returns the same classification roughly four times faster (warm median 543 ms vs. 2178 ms) and 

with far fewer requests (1 vs. 3–5 round-trips). Notably, the per-request latency is similar for both (≈0.5–0.6 s); the 

entire difference is driven by the number of HTTP round-trips the tree-number ascent requires — one to read the 

tree number(s), then one per parent position. This confirms the design choice of Section 4.2: collapsing the 

classification into a single targeted query avoids the cumulative round-trip latency of walking the hierarchy level by 

level. It matters precisely because querying public SPARQL endpoints is costly [20]. 

6.3 Proof Of Concept: The Lcs Mechanism On Real Mesh Data 

We first validate the mechanism on proof-of-concept cases, built by pairing genuine MeSH descriptors drawn from 

the Myocardial Ischemia branch (C14.280.647). Each pair stands for a compound expression (e.g., “coronary 

occlusion thrombosis”) that is not registered as a single MeSH descriptor, so the direct broaderDescriptor method 

returns nothing; the LCS method, by contrast, assigns a class. The LCS is computed as the longest common prefix of 

the components’ full tree numbers and was verified against the live MeSH endpoint (querying the prefix returns the 

named descriptor). The ten pairs in Table III are ordered from the most specific common ancestor to the most generic, 

to make the depth behaviour visible. 

Table III. The LCS mechanism on descriptor pairs from the Myocardial Ischemia branch (verified 

against the live endpoint). Each pair represents an out-of-MeSH compound; the assigned class is 

the descriptor at the longest common prefix of the two tree numbers. 

Component A (tree 

number) 

Component B (tree 

number) 

Common prefix (LCS) Assigned class 
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Coronary Restenosis 

(C14.280.647.250.285.20

0) 

Coronary Stenosis 

(C14.280.647.250.285) 

C14.280.647.250.285 Coronary Stenosis 

Coronary Occlusion 

(C14.280.647.250.272) 

Coronary Thrombosis 

(C14.280.647.250.290) 

C14.280.647.250 Coronary Disease 

Coronary Aneurysm 

(C14.280.647.250.250) 

Coronary Vasospasm 

(C14.280.647.250.295) 

C14.280.647.250 Coronary Disease 

Coronary Artery Disease 

(C14.280.647.250.260) 

Coronary Stenosis 

(C14.280.647.250.285) 

C14.280.647.250 Coronary Disease 

Coronary Occlusion 

(C14.280.647.250.272) 

Coronary-Subclavian 

Steal Syndrome 

(C14.280.647.250.647) 

C14.280.647.250 Coronary Disease 

Anterior Wall Myocardial 

Infarction 

(C14.280.647.500.093) 

Inferior Wall Myocardial 

Infarction 

(C14.280.647.500.187) 

C14.280.647.500 Myocardial Infarction 

ST Elevation Myocardial 

Infarction 

(C14.280.647.500.875) 

Non-ST Elevated 

Myocardial Infarction 

(C14.280.647.500.469) 

C14.280.647.500 Myocardial Infarction 

Angina, Stable 

(C14.280.647.187.362) 

Microvascular Angina 

(C14.280.647.187.575) 

C14.280.647.187 Angina Pectoris 

Coronary Stenosis 

(C14.280.647.250.285) 

Anterior Wall Myocardial 

Infarction 

(C14.280.647.500.093) 

C14.280.647 Myocardial Ischemia 

Angina, Stable 

(C14.280.647.187.362) 

Coronary Aneurysm 

(C14.280.647.250.250) 

C14.280.647 Myocardial Ischemia 

 

The table makes the key property visible: the assigned class climbs from specific to generic as the two components 

grow farther apart in the hierarchy. Components in the same sub-family share a deep prefix and yield a specific class 

(Coronary Stenosis, Coronary Disease, Myocardial Infarction, Angina Pectoris); components in different sub-

families share only the branch prefix and yield the generic Myocardial Ischemia. The first row also shows that when 

one component is an ancestor of the other, the LCS is that ancestor itself. The method is therefore depth-sensitive: it 

returns the most specific common ancestor available, not a fixed shortcut toward the root. These cases confirm the 

pipeline (component lookup → tree numbers → common prefix → ancestor descriptor → class) produces correct, 

medically sensible classes for compounds the direct method cannot resolve. 

6.4 Coverage On A Corpus Sample 

The proof-of-concept cases above are constructed from descriptors known to share a branch; they validate the 

mechanism but are not drawn from text. The headline corpus experiment runs the pipeline on the eleven compound 

terms extracted from medical texts (Table I) and measures how many the LCS route recovers. On this sample the LCS 

method recovers 0 of 11 terms (0 %), as does the direct method. Error analysis shows why: these expressions are free-

text clinical descriptions whose constituents are not MeSH descriptors (e.g., circumflex, systolic, concentric, 

atheromatous), so the decomposition never locates the two components needed to compute a common ancestor. This 

is not a failure of the mechanism — Section 6.3 demonstrates it on genuine MeSH-concept pairs — but a property of 
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this corpus: it contains clinical descriptions rather than compositions of indexed concepts. The result delimits the 

method’s scope honestly: decomposition-plus-LCS recovers compounds built from indexed concepts, not arbitrary 

free-text phrases, and a richer terminological corpus (or normalization and entry-term matching, Section 7) would 

be required to raise corpus-level recovery. 

6.5 Scaled Validation Across Mesh Domains 

The corpus result above shows where the method does not apply; this section shows, at scale, where it does. We built 

a constructed benchmark by enumerating, within each of four large MeSH branches, every pair of leaf descriptors, 

and assigning each pair the descriptor at the longest common prefix of the two tree numbers (the LCS). Each pair 

stands for a compound expression made of two genuine MeSH concepts. The four branches span distinct clinical 

domains: cardiology (Myocardial Ischemia, C14.280.647), oncology (Neoplasms by Site, C04.588), pulmonology 

(Respiratory Tract Diseases, C08), and neurology (Nervous System Diseases, C10). 

Table IV. Scaled validation of the LCS mechanism on intra-domain descriptor pairs from four 

MeSH branches. 

Domain (MeSH 

branch) 

Leaf descriptors Pairs LCS resolved 

Cardiology (C14.280.647) 19 171 171 (100%) 

Oncology (C04.588) 32 496 496 (100%) 

Pulmonology (C08) 69 2344 2344 (100%) 

Neurology (C10) 34 559 559 (100%) 

Total 154 3570 3570 (100%) 

 

Across the four domains, the LCS method assigns a class to 3570 of 3570 intra-domain pairs (100%). As a correctness 

control, we also formed all cross-domain pairs (one concept drawn from each of two different branches); the method 

correctly returns no common ancestor for 8207 of 8207 of them (100%), confirming that it does not fabricate 

spurious classes for unrelated concepts. The depth behaviour of Section 6.3 holds at scale: pairs from different sub-

families resolve to the generic branch ancestor, while pairs from the same sub-family resolve to a specific descriptor 

(e.g., Coronary Disease, Breast Neoplasms, Lung Diseases, Autoimmune Diseases of the Nervous System). 

This benchmark is constructed, not corpus-derived: it validates that the mechanism scales and behaves correctly 

across domains, not that such compounds are frequent in clinical text (Section 6.4 shows they are not). For the larger 

branches a subset of descriptors was sampled, which does not affect the outcome since LCS resolution within a branch 

is exact by construction. Taken together, the three experiments delimit the method precisely: 0/11 on free-text clinical 

descriptions, 3570/3570 on compounds of indexed concepts across four domains, and 8207/8207 correct abstentions 

on cross-domain pairs. 

6.6 Direct-Method Resolution On A Real Corpus (Ncbi Disease) 

The case studies of Section 5 used four hand-picked terms; here we evaluate the direct method’s first stage — resolving 

a term string to its MeSH concept — at scale, on the NCBI Disease corpus, which annotates disease mentions in 

PubMed abstracts with gold MeSH concept identifiers [21]. We use the 328 unique test-set mentions that carry a 

single MeSH descriptor id. The corpus is a gold standard for which concept a mention is, so we measure resolution 

coverage and accuracy, and — using the gold id’s broaderDescriptor as a silver reference — class agreement. 

Exact matching on the descriptor preferred label (the original lookup) resolves only 1.5% of mentions, because real 

text uses lower case, synonyms, and abbreviations rather than canonical headings. We therefore add three lightweight 

strategies: matching against all of a descriptor’s term labels (synonyms / entry terms) instead of only its preferred 
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label; a small set of case variants; and expansion of in-abstract abbreviations via the Schwartz–Hearst algorithm [22]. 

Table V reports the effect. 

Table V. Direct-method resolution on the NCBI Disease test set (328 unique disease mentions with 

gold MeSH ids). 

Matching strategy Resolution coverage Lookup accuracy (vs gold id) 

Exact preferred label (baseline) 5 / 328 (1.5%) — 

Enhanced (synonyms + case + 

abbreviation) 

160 / 328 (48.8%) 149 / 328 (45.4%) 

 

The enhanced matching raises coverage from 1.5% to 48.8% — a roughly 32-fold gain (+155 mentions) — and 45.4% 

of all mentions are resolved to the correct gold concept, approaching the 63.7% F-measure reported for knowledge-

based normalization on this corpus [21] with a substantially simpler method. Once a mention is resolved, the 

classification step is reliable: the assigned broaderDescriptor class agrees with the gold concept’s class for 89.4% of 

resolved mentions (143/160), and 95.1% of gold concepts have a parent available to assign. The bottleneck is therefore 

resolution, not classification, and synonym/abbreviation matching addresses most of it. 

The residual gap (mentions still unresolved) stems from composite-concept annotations, genuine lexical divergence 

(e.g., “cancer” vs. “neoplasms” where no entry term bridges them), and rare orthographic variants; closing it calls for 

approximate matching (edit-distance or embedding-based) against an enriched dictionary such as MEDIC, which we 

leave to future work. 

7. DISCUSSION AND LIMITATIONS 

Three factors bound these results. First, the bottleneck is resolution, not classification: exact preferred-label matching 

resolves only 1.5% of real disease mentions, and although synonym, case, and abbreviation matching raises this to 

48.8% (Section 6.6), closing the remaining gap requires approximate (edit-distance or embedding-based) matching 

against an enriched dictionary such as MEDIC. Second, latency depends on a live public endpoint and varies with 

network conditions and server load; we mitigate this by separating cold and warm runs and reporting percentiles. 

Third, the assigned class is verified against the MeSH browser and, on the corpus, against the gold concept’s own 

broader descriptor as a silver standard, rather than an independent clinician-annotated gold standard for the class 

itself. The LCS route also depends on the chosen decomposition strategy (longest word n-grams present in MeSH); 

alternative strategies (head-noun, all n-grams) may change coverage. 

8. CONCLUSION AND FUTURE WORK 

We presented a Linked-Data approach that classifies compound candidate medical terms by their most specific 

broader descriptor(s) in MeSH RDF, retrieved through a single targeted SPARQL query, and an extension that 

classifies unseen compounds via decomposition and the least common subsumer over tree numbers. Measured 

against the live MeSH endpoint, the direct query is about four times faster than a tree-number-walking alternative 

for identical output, and the LCS extension classifies 3570/3570 intra-domain concept pairs across four MeSH 

domains while correctly abstaining on 8207/8207 cross-domain pairs; on a free-text clinical corpus it recovers none 

of eleven terms, which delimits its scope to compounds of indexed concepts. On the NCBI Disease corpus, enhancing 

the lookup with synonyms, case variants, and abbreviation expansion raises resolution coverage from 1.5% to 48.8% 

(45.4% to the correct concept), while classification stays reliable once a term is resolved (89.4% class agreement). 

Future work will (i) close the residual resolution gap with approximate matching against an enriched dictionary such 

as MEDIC, (ii) compare against neural normalizers such as DNorm [23], BioSyn [25], and SapBERT [26] on the same 

benchmark, and (iii) build a clinician-annotated gold standard for the assigned classes. 
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