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Abstract. Users of academic digital libraries increasingly express in-
formation needs through natural-language or free-text queries, while re-
trieval in digital library systems continues to rely on controlled vocabu-
lary indexing. This vocabulary mismatch is particularly pronounced in
domain-specific portals such as EconBiz, which uses the STW Thesaurus
for Economics. Analysis of query logs shows that longer and natural-
language queries are more frequently associated with zero-result retrieval,
highlighting limitations of keyword-based interfaces for complex infor-
mation needs. We present a multi-stage LLM-based retrieval pipeline
for mapping free-text queries to controlled thesaurus descriptors. The
pipeline combines AI-assisted concept extraction, hybrid lexical-dense
retrieval over a vector-indexed thesaurus, cross-encoder reranking for
primary-subject identification, and SKOS-aware hierarchical pruning.
Evaluation on a title-as-query benchmark derived from EconBiz records,
using expert-assigned STW descriptors as ground truth, shows consis-
tent improvements in precision and recall over lexical and dense-retrieval
baselines while reducing descriptor set size for Boolean retrieval. A com-
plementary manual evaluation on real-world zero-result queries indicates
that the approach can recover relevant retrieval paths for previously un-
successful searches. The system is deployed as an internal interactive eval-
uation interface. The results suggest that LLM-based query-to-descriptor
mapping improves natural-language access to specialized digital libraries
while remaining compatible with established indexing infrastructures.

Keywords: digital libraries · controlled vocabularies · SKOS · thesaurus
mapping · hybrid information retrieval · large language models · query
expansion

1 Introduction

Controlled vocabularies, thesauri, and ontologies form a core layer of semantic
interoperability in digital libraries and scholarly information systems [21,5,16].
Descriptor assignment, i.e., the association of documents with concepts from
a controlled vocabulary, supports semantic retrieval, faceted navigation, and
metadata harmonisation across heterogeneous collections. Standards such as
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the Simple Knowledge Organization System (SKOS) [28] provide formal mecha-
nisms for representing concepts, preferred labels, alternative labels, and seman-
tic relations. While considerable work has addressed document-side descriptor
assignment [15,23], query-side mapping to controlled vocabulary concepts has
been examined in selected retrieval domains and in broader query expansion re-
search [1,9,3,7], but has received comparatively limited attention in operational
digital library systems and domain-specific retrieval infrastructures.

The broader information retrieval literature has long identified vocabulary
mismatch as a central source of retrieval failure, particularly when user termi-
nology diverges from indexing language [14,46,7]. Conventional keyword-based
retrieval relies heavily on lexical overlap and often performs poorly when users
formulate exploratory information needs using conversational language, para-
phrases, or domain-adjacent terminology. Recent advances in large language
models (LLMs) and dense retrieval provide improved contextual matching ca-
pabilities, but typically lack explicit grounding in controlled vocabularies, which
can result in semantically plausible but structurally misaligned or overly general
interpretations [51,38].

This challenge is also evident in EconBiz [11], the academic search portal
operated by ZBW – Leibniz Information Centre for Economics [48]. EconBiz
provides access to more than 13 million records indexed using the STW The-
saurus for Economics [43]. Extending prior analyses of EconBiz search behaviour
by Zerhoudi and Granitzer [49], we analysed 30,984 user queries collected during
April 2026. The resulting patterns are consistent with their findings and further
substantiate similar issues in query complexity and user interaction behaviour
within EconBiz. In particular, long and semantically complex natural-language
queries such as “I am interested in the impact of AI on the European labour mar-
ket after 2020”—frequently lead to sparse retrieval outcomes and repeated query
reformulation. This behaviour reflects a persistent mismatch between natural-
language search expressions and descriptor-oriented retrieval infrastructures.

To address this problem, we present a multi-stage query-to-descriptor map-
ping pipeline that converts natural-language economics queries into STW de-
scriptors and integrates with EconBiz’s existing retrieval infrastructure.

This paper makes three contributions:

– A pipeline for mapping free-text queries to STW descriptors, combining
LLM-based concept extraction, hybrid lexical-dense retrieval, adaptive score
fusion, cross-encoder reranking, and SKOS-aware hierarchical pruning.

– A large-scale title-as-query benchmark over the EconBiz catalogue, using
cataloguer-assigned STW descriptors as ground truth, with evaluation against
lexical and dense retrieval baselines.

– A manual evaluation on real-world zero-result queries, demonstrating the
system’s ability to recover meaningful retrieval paths under retrieval failure
conditions.

The remainder of the paper covers related work (Sect. 2), resources and
datasets (Sect. 3), system architecture (Sect. 4), evaluation (Sect. 5), discussion
and limitations (Sect. 6), and conclusions (Sect. 7).
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2 Related Work

2.1 Controlled Vocabularies and Semantic Indexing

Controlled vocabularies and ontologies are a foundational component of seman-
tic interoperability in digital libraries and scholarly information systems [17,33].
Standards such as ISO 25964 and SKOS define formal models for represent-
ing concepts, labels, and semantic relations, enabling consistent indexing and
cross-system interoperability [21,28]. Domain-specific thesauri, including STW,
AGROVOC, and the OECD taxonomy, exemplify curated knowledge organisa-
tion systems designed to support structured subject indexing and retrieval.

Existing systems based on controlled vocabularies primarily focus on document-
side descriptor assignment [15,23]. However, user queries are typically short,
informal, and lexically divergent from controlled indexing language, creating
a persistent gap between query expressions and curated descriptors [9,3]. Early
work on thesaurus-based query expansion in bibliographic retrieval demonstrated
that mapping user queries to controlled medical subject headings (MeSH) sub-
stantially improves recall in MEDLINE search [42], providing early evidence for
query-side vocabulary bridging in domain-specific digital libraries.

2.2 Retrieval Models and Semantic Matching

Classical information retrieval methods rely on lexical matching, which is sen-
sitive to vocabulary mismatch between queries and indexed documents. Early
work has shown that such mismatch is a primary source of retrieval failure
[39,14]. Embedding-based retrieval models address this limitation by learning
distributed semantic representations that improve robustness to lexical varia-
tion [27,38]. Static word embeddings were shown early on to outperform classi-
cal vector-space retrieval on short texts such as titles [18], foreshadowing today’s
contextual LLM-based dense retrieval.

Modern systems frequently combine sparse lexical methods with dense se-
mantic representations in hybrid architectures, improving both recall and rank-
ing robustness [10,12,26]. Neural sparse retrieval models such as SPLADE [13]
and ColBERT [24] extend this line through learned sparse representations and
late interaction, integrating lexical and semantic signals without explicit vo-
cabulary constraints. These models, however, operate over document or pas-
sage representations rather than curated descriptor spaces, so semantic rele-
vance alone is insufficient – retrieved candidates must still align with structured
indexing schemes, creating a persistent mismatch with generic relevance opti-
misation. Cross-encoder reranking is widely used as a second-stage approach,
enabling fine-grained interaction modeling between queries and candidate docu-
ments [31,32,45].

Recent work in neuro-symbolic and knowledge-grounded retrieval explores
integrating neural models with structured knowledge resources to improve in-
terpretability and consistency [20,47]. These approaches preserve symbolic con-
straints while using neural components for interpretation or disambiguation,
closely related to mapping queries to controlled descriptor representations.
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2.3 Natural-Language Interfaces and Scholarly Search Systems

User interaction studies in digital libraries highlight persistent difficulties in
query formulation and refinement. Zerhoudi and Granitzer [49] analyse EconBiz
interaction logs and show that users often engage in extended search sessions with
frequent reformulations, indicating challenges in expressing information needs in
system-compatible form.

Recent scholarly search systems increasingly incorporate LLMs and retrieval-
augmented generation (RAG) to support natural-language interaction [41,44,34].
These systems enable more flexible query formulation and synthesis of retrieved
information, but typically require additional embedding-based indexing of docu-
ment content and primarily operate at the level of document retrieval and answer
generation [25] rather than controlled-vocabulary alignment.

Previous work investigated agentic RAG architectures integrated with knowl-
edge graphs for scholarly exploration within EconBiz [19]. In contrast, the present
work focuses on an earlier stage in the retrieval pipeline: mapping natural-
language queries to controlled STW descriptors. Rather than replacing exist-
ing Solr-based retrieval infrastructures, the proposed approach augments them
through structured query interpretation, enabling compatibility with established
digital library indexing practices.

3 Resources and Data

3.1 STW Thesaurus for Economics

The STW Thesaurus for Economics, developed and maintained by ZBW, is
a domain-specific controlled vocabulary for indexing literature in economics,
business administration, finance, and related social sciences [43,30]. Published
as Linked Open Data using the SKOS standard [28], STW comprises more than
6,000 standardised descriptors and over 20,000 entry terms.

Descriptors are organised through hierarchical relations (skos:broader, skos
:narrower) and associative relations (skos:related), enabling structured nav-
igation and concept expansion. The thesaurus is available in standard RDF se-
rialisations and is continuously curated by domain experts to ensure conceptual
consistency and topical coverage.

3.2 Descriptor Enrichment and Vector Indexing

To support semantic alignment between natural-language queries and controlled
vocabulary descriptors, we enrich each STW descriptor with supplementary de-
scriptive text. Where available, descriptions were derived from DBpedia ab-
stracts [2] via existing skos:exactMatch alignments between STW concepts and
DBpedia entities (3,877 mappings in total). For concepts without such align-
ments, concise auxiliary descriptions were generated using a locally deployed
LLM with controlled prompting to ensure domain consistency. These descrip-
tions are used solely as semantic augmentation and do not replace authoritative
thesaurus definitions.
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Each descriptor representation includes bilingual preferred labels (English
and German), alternative labels, semantic relations, and descriptive text. To
support retrieval, descriptor labels, alternative labels, and descriptive text were
embedded in separate vector collections using two dense embedding models,
BGE-M3 (567M parameters) [8] and Qwen3-Embedding (8B parameters) [50].
These models were selected due to their strong performance on the Massive Text
Embedding Benchmark (MTEB) [29] and their multilingual capabilities, which
are particularly relevant for the EconBiz collection. The remaining descriptor
metadata, including semantic relations and auxiliary attributes, was stored as
payload within each collection.

The resulting vectors were indexed in a Qdrant vector database [36], en-
abling efficient approximate nearest-neighbor retrieval for candidate descriptor
generation and forming the semantic retrieval layer of the proposed system [22].

3.3 Evaluation Dataset

EconBiz is ZBW’s portal for scholarly literature in business and economics,
providing access to more than 13 million bibliographic records. A substantial
subset of these records is indexed with STW descriptors, around 4.2 million
records (about 32% of the collection) have at least one assigned STW descriptor.

For the title-as-query evaluation (Section 5.1), we sampled 1,000 records
stratified across top-level STW categories to ensure broad thematic coverage.
Records with fewer than two or more than ten descriptors were excluded to
reduce under-specified and overly broad subject assignments.

For the manual evaluation (Section 5.2), we selected 50 user queries from
EconBiz interaction logs that previously resulted in empty retrieval outcomes in
the standard keyword-based interface.

3.4 Empirical Motivation from Query Logs

To establish the practical motivation for our system, we analysed a sample of
anonymised EconBiz query logs. Our analysis focuses on the relationship be-
tween query formulation and retrieval failure, with particular attention to how
increasing query length and natural-language complexity affect retrieval effec-
tiveness. We analysed anonymised EconBiz query logs from April 2026 com-
prising 30,984 queries: 22,261 short queries (≤ 4 words), 4,967 medium-length
queries (5–8 words), and 3,756 long queries (> 8 words). The analysis focuses
on general free-text searches, excluding known navigational and field-restricted
searches (e.g., title, author).

Following established practices in scholarly information retrieval and findings
from the TREC Interactive Track literature [4], we define retrieval failure as a
query returning fewer than five results. Although such queries are not strictly
empty, sparse result sets do not provide sufficient coverage for exploratory liter-
ature search and are typically associated with query reformulation in interactive
search sessions.
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Fig. 1. (a) Result count distribution by query length in the EconBiz query log. (b)
Top 10 sessions ranked by low-result queries per session. Data collected in April 2026.

Figure 1(a) shows the result count distribution stratified by query length.
Short queries (≤ 4 words) fail in 17.8% of cases; medium-length queries (5–8
words) remain comparable at 18.0%, though the proportion of zero-result queries
increases. For long, naturally phrased queries (> 8 words), the failure rate rises
sharply to 52.3%: more than half return fewer than five results, and 32% return
no results at all.

The contrast between long and short queries (52.3% versus 17.8%) constitutes
the central finding of this analysis. It indicates that users expressing informa-
tion needs as natural-language research questions experience substantially lower
retrieval effectiveness than users issuing shorter keyword-oriented queries.

This effect is particularly significant because long queries, although the small-
est group by volume, often reflect the most semantically rich and specific infor-
mation needs. The dataset contains 3,139 unique zero-result queries, representing
concrete vocabulary mismatches where user terminology fails to align with the
controlled indexing vocabulary.

Figure 1(b) shows the top 10 sessions ranked by the number of low-result
queries within a single session. The most extreme case involved 32 queries, 28 of
which returned fewer than five results, including 23 with zero results, consistent
with repeated reformulation attempts during systematic literature searching.
Across the full dataset, 8.8% of sessions contained three or more consecutive
low-result queries, a behavioural pattern indicative of repeated unsuccessful re-
formulation.

Taken together, these findings indicate that retrieval failure is not random but
systematically associated with increasing query complexity and natural-language
formulation. This pattern reveals a structural mismatch between users’ expres-
sive search behaviour and the descriptor-oriented indexing vocabulary underly-
ing EconBiz.

The query-to-descriptor mapping pipeline introduced in Section 4 is designed
specifically to address this mismatch by translating natural-language information
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needs into formally grounded STW descriptors compatible with the existing
retrieval infrastructure.

3.5 System Infrastructure

The system is deployed on institutional GPU infrastructure with local model
execution. All language models are run using Ollama [35], ensuring fully local
inference without external API dependencies and compliance with data protec-
tion requirements. The retrieval and processing pipeline is containerised using
Docker to ensure modularity and integration with existing EconBiz services.

4 System Architecture

The pipeline addresses the query-side vocabulary gap in controlled-vocabulary
retrieval by mapping free-text queries onto formally grounded STW descrip-
tors, which are subsequently translated into structured Boolean queries over the
EconBiz Solr index. The architecture is organised into four functional phases:
Query Understanding, Descriptor Retrieval, Descriptor Refinement, and Inter-
active Query Construction, as illustrated in Figure 2.

The system is designed around three operational constraints: (i) strict ground-
ing in the STW controlled vocabulary to ensure verifiable descriptor assignments
against published SKOS metadata, (ii) compatibility with the existing EconBiz
Solr infrastructure without requiring index or schema modifications, and (iii)
low-latency interaction suitable for real-time search assistance. To satisfy these
constraints jointly, the pipeline combines lexical retrieval, dense semantic match-
ing, LLM-based concept extraction, neural reranking, and symbolic SKOS-aware
post-processing in a staged hybrid architecture.

4.1 Phase 1: Query Understanding

LLM-based concept extraction. The query understanding stage employs a lo-
cally deployed LLM to extract structured query representations for subsequent

Fig. 2. System architecture of mapping free-text queries to thesaurus descriptors.
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STW descriptor mapping, including topical concepts, geographic entities, and
person names. We evaluated several locally deployable open-weight models for
this task, including Mistral-NeMo 12B, GPT-OSS 20B, Qwen3.5 (2B, 9B, and
35B), Qwen3.6 35B, and LLaMA 3.2 3B. On the title-as-query benchmark us-
ing STW-assigned descriptors as ground truth (Section 5.1), all models achieved
broadly comparable extraction performance, reflecting the constrained nature of
the task. Larger models, particularly Qwen3.5 and Qwen3.6 35B, showed modest
gains on noisier or less direct formulations, while models above 35B parameters
were excluded due to hardware constraints. Qwen3.6 35B is therefore adopted
as the primary extraction model.

To improve robustness of the extracted representations, prompt constraints
and rule-based post-processing are applied to mitigate over-generation of generic
academic terms (e.g., impact, analysis), unless explicitly relevant to query in-
tent. Additional safeguards recover missing geographic entities, remove dupli-
cated person-name fragments, and suppress topical extraction in author-centric
queries to avoid introducing irrelevant retrieval constraints.

It is worth noting that even lighter models, including LLaMA 3.2 3B, provide
a viable alternative under stricter latency or memory constraints, with only
a modest performance degradation compared to Qwen3.6 35B (P@k 0.621 vs.
0.644, R@k 0.419 vs. 0.464, Macro-F1@k 0.458 vs. 0.503). Concept extraction
uses temperature = 0.1, 150-token budget and JSON-decoding; the reranker [50]
scores query–descriptor pairs via log-probability of a single next token.

Temporal constraints are extracted independently using a rule-based parser
covering relative expressions (e.g., recent, last five years), absolute ranges, and
directional constraints (e.g., after 2020 ). These are translated directly into Solr
date filters, ensuring temporal scope is enforced at the index level. A domain-
specific abbreviation map covering common economics and policy terminology
(e.g., GDP, FDI, AI) is applied before and after LLM extraction to improve
concept consistency and alignment with STW terminology.

Three-path concept extraction. Query understanding operates through three
complementary extraction paths that run in parallel, each targeting a distinct
failure mode of single-path retrieval.

LLM-decomposed path. The LLM extracts an explicit list of topical concepts
from the query. Each concept is subsequently embedded and matched against the
STW descriptor index via dense vector search. This path handles paraphrased
and semantically indirect queries well, but may omit or rephrase terms whose
exact label appears in the query verbatim.

Direct BM25 path. The raw user query is searched directly against the BM25
index built over STW preferred and alternative labels, bypassing LLM concept
decomposition. This recovers descriptors whose labels align with the original
query string but were missed during concept extraction, for instance due to
paraphrasing, abstraction, or omission by the LLM.

Direct dense-vector path. The raw query embedding is searched against the
Qdrant descriptor vector index, capturing global semantic associations that may
be missed when the query is decomposed into individual concepts.
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All three paths contribute to a shared candidate pool. Descriptors retrieved
by both the concept-decomposed path and at least one direct path are treated
as cross-path hits: their score is set to the maximum of the contributing path
scores and boosted by a small multiplicative factor (×1.05, capped at 1.0), re-
flecting convergent evidence. The reranker remains the primary quality filter and
may discard irrelevant cross-path hits. Remaining direct-path candidates are ap-
pended and tagged with their retrieval origin (direct_bm25, direct_vector, or
direct_hybrid) for post-hoc analysis.

4.2 Phase 2: Descriptor Retrieval (mapping)

Per-concept lexical retrieval. For each concept extracted in Phase 1, BM25 re-
trieval [37] is performed over STW preferred labels, alternative labels, and scope
notes. This complements the direct-query BM25 path from Phase 1, which oper-
ates on the full user query, whereas per-concept retrieval targets atomic semantic
units isolated by the LLM.

Dense semantic retrieval. Each extracted concept is embedded using a multilin-
gual dense retrieval model and matched against a precomputed STW descriptor
vector index via approximate nearest-neighbour search. Retrieval is executed
independently per concept, enabling parallelisation across the full concept set.

Candidate consolidation. Candidates from per-concept lexical retrieval, per-
concept dense retrieval, and direct-query retrieval (Phase 1) are merged into a
unified candidate pool via the cross-path fusion strategy described in Section 4.1
and passed to adaptive score fusion.

Adaptive score fusion. Each candidate descriptor is assigned a combined rele-
vance score:

Ŝ = wvec · Svec + wlabel · Slabel + wbm25 · Sbm25

where Svec, Slabel, and Sbm25 denote dense similarity, label overlap, and BM25
score respectively. The weight triple (wvec/wlabel/wbm25) is selected from four
schemes in priority order, ensuring that lexical evidence takes precedence when
both label and vector signals are strong:

– keyword-dominant (0.15 / 0.75 / 0.10): Slabel ≥ 0.95;
– keyword-assisted (0.40 / 0.45 / 0.15): Slabel ≥ 0.75;
– vector-dominant (0.75 / 0.15 / 0.10): Svec ≥ 0.80;
– balanced (0.55 / 0.25 / 0.20): otherwise.

The label thresholds distinguish near-exact (≥ 0.95) from high-confidence
partial matches (≥ 0.75); the vector threshold (≥ 0.80) corresponds to approx-
imately the 90th percentile of cosine similarities on a calibration subset, above
which candidates are near-synonymous with the query concept. Informal checks
on the reranker margin and fallback threshold suggest that macro-F1 varies by
less than 0.01 under ±0.05 perturbations for the configurations tested. A more
exhaustive sensitivity analysis across all threshold parameters remains future
work.
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Free-term fallback. When no STW descriptor sufficiently covers an extracted
concept, or when the best-matching descriptor covers less than 40% of the con-
cept’s content words, the original concept is retained as a free-text retrieval
term. This preserves recall for emerging or non-standard terminology not yet
represented in STW.

4.3 Phase 3: Descriptor Refinement

Neural reranking. The top-40 candidate descriptors are re-scored using Qwen3-
Reranker-4B [50], deployed locally via Ollama. Each query–descriptor pair is
framed as a primary-subject classification task, where the model estimates whether
the descriptor represents a central topical focus rather than incidental context.

Scores are derived by aggregating first-token log-probabilities over affirma-
tive and negative response variants and applying a yes/no softmax, yielding a
calibrated relevance probability pyes ∈ [0, 1]. Empirically, we found that positive
primary-subject framing produced substantially better score separation than
negatively framed alternatives, enabling reliable threshold-based filtering (see
Section 5.1 for calibration details).

To prevent over-filtering, the system enforces a minimum retention of two
descriptors and applies an adaptive threshold max(τbase, smax−0.35), where smax

denotes the highest reranker score in the candidate set. This ensures retention
of descriptors that remain sufficiently close to the top-ranked candidate.

SKOS-aware hierarchy pruning. A symbolic refinement step removes redundant
broader descriptors when narrower descendants are already selected. Hierarchi-
cal relations are resolved directly from descriptor metadata. This addresses a
retrieval-specific failure mode of Boolean controlled-vocabulary search, where
simultaneous activation of semantically nested descriptors can unnecessarily re-
duce recall in conjunctive Boolean retrieval.

Priority assignment. The final descriptor set is partitioned into priority and non-
priority descriptors. Priority descriptors form the initial Boolean query, while
lower-ranked descriptors remain available for optional activation during interac-
tion. A bounded number of priority descriptors is enforced to maintain tractable
result-set sizes.

4.4 Phase 4: Interactive Query Construction and User Interface

This phase operationalises the retrieval model into an interactive user interface,
as shown in Figure 3.

Interactive retrieval control. Rather than treating query formulation as a one-
shot transformation, the system exposes STW descriptor mappings as interactive
retrieval controls. Users can inspect, activate, deactivate, or expand descriptors
while preserving compatibility with the underlying Boolean retrieval model.
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Fig. 3. Prototype Smart Search interface for EconBiz, exposing STW descriptors and
a chat-based control layer for iterative query refinement.

Boolean query generation. Priority descriptors are assembled into a Boolean Solr
query in which each descriptor contributes an OR-group over its preferred label
and user-activated alternatives, while descriptor groups are combined conjunc-
tively. Geographic and temporal constraints are appended as structured filters,
preserving compatibility with the existing EconBiz retrieval infrastructure.

Progressive interface and descriptor interaction. Lexical BM25 results are re-
turned immediately after query submission, providing early feedback, while se-
mantic descriptor processing, reranking, and pruning proceed asynchronously.
Descriptor modifications update the retrieval state without re-executing the full
LLM pipeline. Expanding a descriptor retrieves semantically related alternatives
from STW labels and dense-neighbour retrieval, supporting controlled query ex-
pansion within the thesaurus structure.

Conversational control and failure recovery. A constrained chat interface exposes
a set of operations, such as: reformulate, which rewrites queries into STW-aligned
forms, and suggest, which proposes descriptor additions or substitutions based
on confidence scores and result counts. This enables incremental relaxation of
over-constrained Boolean queries and recovery from empty result sets, while
maintaining grounding in controlled vocabulary structure.
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5 Evaluation

The evaluation examines two complementary aspects of the proposed system: (i)
descriptor mapping quality under controlled offline conditions, and (ii) recovery
of real-world zero-result retrieval failures via interactive descriptor refinement.

5.1 Title-as-Query Evaluation

Descriptor mapping quality is evaluated using a title-as-query proxy, where pub-
lication titles are treated as input queries and cataloguer-assigned STW descrip-
tors serve as ground truth. This evaluation strategy has precedent in controlled-
vocabulary retrieval research because it enables exact descriptor-level compari-
son at scale while preserving concise natural-language input representations [40].
Although publication titles are more formal than real user queries, they provide a
controlled approximation of vocabulary mismatch effects observed in Section 3.4.

The evaluation dataset comprises 1,000 EconBiz records sampled across ma-
jor STW top-level categories. Records with fewer than two or more than ten
assigned descriptors were excluded to avoid under-specified or excessively broad
indexing cases. We report macro-averaged Precision@k, Recall@k, and F1@k,
where k varies per query; Avg. k in Table 1 is its mean across queries.

In addition to benchmarking, this evaluation was used for system calibration.
Reranker thresholds, descriptor selection margins, hierarchy-pruning parameters,
and priority activation rules were tuned on a held-out subset and refined through
qualitative inspection of real-user failure cases.

To isolate the contribution of individual pipeline components, retrieval per-
formance was evaluated under both LLM-only concept extraction and the pro-
posed three-path fusion extraction strategy:

– BM25 only: lexical retrieval over STW labels and scope notes;
– Dense only (BGE-M3): vector retrieval using BGE-M3 [8];
– Dense only (Qwen3-Embedding): vector retrieval using Qwen3-Emb. [50];
– Hybrid: lexical–semantic fusion without reranking or pruning;
– Full pipeline: hybrid retrieval with reranking, SKOS-aware pruning, and

priority assignment.

Table 1 shows that dense retrieval substantially improves recall over lexical
BM25 retrieval, particularly when using Qwen3-Embedding. However, BM25 re-
mains comparatively precise for exact descriptor matches, confirming the com-
plementary strengths of semantic and lexical retrieval signals.

Hybrid retrieval substantially improves overall descriptor mapping quality,
confirming that lexical and dense retrieval capture partially distinct relevance
signals. The full pipeline further improves precision and macro-F1 under both
extraction settings, reducing the mean descriptor count from 4.3 to 2.6 under
three-path fusion — operationally important for Boolean retrieval where exces-
sive descriptor activation over-constrains result sets. The limited recall decrease
suggests that reranking and SKOS-aware pruning remove low-value or redundant
descriptors without harming topical coverage.
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Table 1. Descriptor mapping performance on the title-as-query benchmark (N =
1,000). Avg.k denotes the mean number of priority descriptors per query.

Condition P@k R@k Macro-F1@k Avg. k
BM25 only 0.244 0.348 0.270 4.9
Dense only (BGE-M3) 0.200 0.303 0.231 5.0
Dense only (Qwen3) 0.278 0.436 0.327 5.0

LLM concept extraction only
Hybrid retrieval (without reranker) 0.512 0.379 0.419 2.6
Full pipeline (LLM-only) 0.644 0.367 0.463 2.1

Three-path fusion extraction
Hybrid retrieval (without reranker) 0.432 0.510 0.447 4.3
Full pipeline (fusion) 0.619 0.464 0.503 2.6

Three-path fusion extraction shifts the precision–recall balance relative to
LLM-only extraction: recall increases from 0.367 to 0.464 while precision remains
strong at 0.619, yielding the highest macro-F1 (0.503) across all evaluated con-
figurations. This improvement reflects the broader candidate pool introduced
by direct-query retrieval paths, which recover descriptors missed during LLM
concept decomposition, at the cost of admitting additional candidates.

The evaluation does not directly measure document-level retrieval effective-
ness or end-user satisfaction. The title-as-query proxy nonetheless provides a
scalable, controlled benchmark for comparing descriptor mapping strategies,
complemented by the manual evaluation in Section 5.2 and discussed further
in Section 6.

5.2 Manual Evaluation on Zero-Result Queries

To complement the offline benchmark with real-world retrieval failures, we man-
ually evaluated 50 zero-result queries sampled from EconBiz interaction logs.
Queries were drawn from the long-query segment (>8 words), identified in Sec-
tion 3.4 as the highest-failure category. Two independent assessors evaluated each
query across six dimensions: Descriptor Correctness, Priority Descriptor Qual-
ity, Filter Correctness, Success@5, Recovery T1 (after one descriptor toggle),
and the number of interactions required for recovery. With backgrounds in eco-
nomics, social sciences, or library science and uninvolved in system development,
they rated descriptor appropriateness by weighing specificity, synonymy, and hi-
erarchical fit against the query and STW vocabulary. This process necessarily
involves interpretive judgement, particularly for specialised terminology and se-
mantically adjacent STW concepts, so the evaluation should be understood as a
pragmatic assessment of retrieval usefulness rather than authoritative validation.
Disagreements were resolved through discussion to produce a unified set.

Descriptor Correctness received correct or partially correct ratings for 44 of
50 queries (88.0%), indicating that the pipeline reliably identifies relevant STW
concepts for the large majority of complex zero-result queries. Priority Descrip-
tor Quality achieved correct or partial ratings for 42 queries (84.0%), suggesting
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that descriptor ranking and prioritisation are generally consistent with concept-
level correctness. To assess consistency between concept-level and priority-level
descriptor assessments, we computed weighted Cohen’s κ across all 50 queries,
yielding κ = 0.68, indicating substantial agreement. Filter correctness was as-
sessed on 21 queries with explicit geographic or temporal constraints, of which
71.4% were assigned correct or partially correct filters. Initial Success@5 with-
out interaction was achieved for 30 queries (60.0%). A further 11 queries (22.0%)
achieved Success@5 after a single descriptor toggle (Recovery T1), yielding suc-
cessful retrieval for 82.0% of queries with at most one interaction. Queries re-
quiring additional interaction had a mean of 1.7 toggles to recovery.

These results support the system’s central operational claim: zero-result
queries are recoverable via descriptor-level refinement, particularly for diagnos-
ing and relaxing over-constrained Boolean retrieval formulations.

6 Discussion

6.1 Design Decisions and Operational Trade-offs

Several architectural choices were shaped by operational constraints specific to
digital-library deployment. First, concept extraction relies on locally deployed
language models rather than proprietary external systems to satisfy institutional
privacy requirements and ensure fully local query processing. Although larger
proprietary models may achieve slightly higher extraction quality, the evaluation
shows that smaller local models provide sufficient semantic fidelity when com-
bined with structured prompting and rule-based post-processing. Second, rerank-
ing was formulated as a positive primary-subject classification task based on
empirical calibration results. Negatively framed prompts produced compressed
score distributions with limited discriminative power, whereas affirmative for-
mulations yielded clearer score separation and more stable threshold behaviour.
This indicates that prompt formulation strongly influences the calibration be-
haviour of instruction-tuned rerankers used as lightweight relevance classifiers.
Third, SKOS-aware hierarchy pruning addresses a retrieval constraint specific
to Boolean descriptor search: simultaneously activating semantically nested de-
scriptors can unnecessarily reduce recall in conjunctive retrieval settings. Ex-
ploiting explicit thesaurus structure therefore improves retrieval behaviour while
preserving semantic specificity. Taken together, these findings highlight the value
of hybrid retrieval architectures in digital libraries: neural components provide
semantic flexibility, while controlled-vocabulary structure maintains consistency
with established indexing practice.

6.2 Limitations and Future Work

Several limitations should be considered when interpreting the present results.
First, operational thresholds, including reranker confidence cutoffs and hierarchy-

pruning margins, were calibrated empirically on the title-as-query benchmark. A
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more exhaustive sensitivity analysis across threshold parameters remains future
work, as does a per-rule ablation of the safeguards in Section 4.1. Qualitatively,
candidate-pool generation in Phase 1 (including the generic-term filter) and the
reranker confidence cutoffs were the most consequential stages for precision.

Second, the title-as-query benchmark evaluates descriptor mapping quality
rather than downstream document-level retrieval effectiveness. While appropri-
ate for controlled comparisons of mapping strategies, additional measures such
as NDCG, task completion, or interactive success metrics would provide a more
comprehensive evaluation. Third, manual evaluation of zero-result queries in-
volves interpretive judgement. In economics, where conceptual boundaries are
subtle, descriptor assignment requires domain expertise and contextual interpre-
tation. Our assessments therefore reflect bounded plausibility judgements rather
than authoritative cataloguing decisions. Independent assessors and agreement
statistics mitigate but do not eliminate this subjectivity. Fourth, STW coverage
is necessarily finite; free-term fallback preserves recall for emerging or specific
topics but may reduce alignment with the controlled vocabulary. Finally, only
32% of EconBiz records contain at least one STW descriptor, limiting the direct
impact of descriptor-guided retrieval across the full collection. Taken together,
these factors indicate a component-level validation rather than definitive evi-
dence of end-user retrieval improvement.

A controlled A/B evaluation against the standard EconBiz search interface
is planned once system parameters are stabilised, assessing task success, query
reformulation behaviour, and user satisfaction under realistic search conditions.
To support large-scale evaluation, we will leverage the STELLA framework in-
tegrated into the EconBiz environment for experimental scenarios [6], enabling
systematic analysis under operational conditions. Future work includes domain-
adaptive embedding fine-tuning, improved multilingual extraction and rerank-
ing, and descriptor expansion leveraging associative STW relations.

7 Conclusion

This paper presented a deployable multi-stage neuro-symbolic pipeline for map-
ping natural-language user queries to STW descriptors in the EconBiz digital
library, addressing a measurable retrieval failure caused by vocabulary mismatch
between natural-language queries and controlled-vocabulary indexing. Combin-
ing local LLM-based concept extraction, hybrid lexical–semantic retrieval, adap-
tive score fusion, neural reranking, and SKOS-aware hierarchy pruning, the ap-
proach substantially improves descriptor mapping quality over lexical-only and
dense-only baselines while remaining fully compatible with existing Solr-based
infrastructure.

More broadly, the results suggest that hybrid architectures combining neural
semantic modelling with explicit thesaurus structure offer a practical, infrastructure-
preserving path toward interactive, explainable retrieval in controlled-vocabulary
digital libraries.
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