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Abstract

Searching for rare diseases in scholarly databases like PubMed remains challenging due
to terminology variability and low-frequency terms. Traditional keyword-based methods
(e.g., TF-IDF, BM25) often fail to capture semantic relationships, leading to suboptimal
recall. This paper proposes an embedding-based query expansion framework leveraging
pre-trained biomedical language models (e.g., BioBERT, SciBERT) to improve retrieval of
rare disease literature. We demonstrate that contextual embeddings can effectively expand
queries with synonymous or related terms (e.g., “Gaucher disease” — “glucocerebrosidase
deficiency”), outperforming baseline PubMed searches in precision@k and recall. Our
approach bridges the gap between sparse lexical matching and semantic understanding in
biomedical information retrieval.

1 Introduction

Rare diseases affect over 300 million people globally [11], yet their literature is often under-
represented in scholarly databases. PubMed, a primary resource for biomedical research, relies
on keyword-based algorithms (e.g., MeSH terms) that struggle with rare disease terminology
variability [9]. For example, a query for “Gaucher disease” may miss relevant articles using
alternate terms like “glucocerebrosidase deficiency”.

Recent advances in natural language processing (NLP), particularly contextual embed-
dings [3], offer solutions. Models like BioBERT [6] and SciBERT [1] encode biomedical se-
mantics, enabling semantic query expansion—augmenting queries with conceptually related
terms. We propose a framework to:

1. Generate embedding-based representations of rare disease queries,
2. Expand queries using nearest neighbors in embedding space,

3. Evaluate against PubMed baselines.

2 Related Work

Our work intersects three research areas: (1) query expansion in biomedical search, (2) se-
mantic embeddings for scientific text, and (3) rare disease information retrieval. Below, we
contextualize prior work and identify gaps our method addresses.



2.1 Query Expansion in Biomedicine

Traditional query expansion techniques struggle with rare diseases due to their terminology vari-
ability. (author?) [11] demonstrated that pseudo-relevance feedback (PRF) methods, which
assume top-ranked documents are relevant, often fail for rare diseases because initial retrievals
are sparse or noisy. For example, a query for ”Charcot-Marie-Tooth disease” might retrieve
irrelevant papers about dental anatomy when relying solely on term frequency. Ontology-based
approaches like MeSH term expansion [2] mitigate this by leveraging curated hierarchies, but
coverage for rare diseases remains limited—only 60% of rare diseases in Orphanet have exact
MeSH matches [9]. Our work bridges this gap by using embeddings to dynamically expand
queries beyond predefined ontologies.

2.2 Semantic Embeddings for Scientific Text

Pre-trained language models have revolutionized semantic search by encoding contextual re-
lationships. (author?) [3] introduced BERT, which captures polysemy (e.g., ”ALS” as both
”amyotrophic lateral sclerosis” and ”advanced life support”) through bidirectional attention.
Domain-specific variants like BioBERT [6] and SciBERT [1] further improve performance by
pre-training on biomedical corpora. For instance, BioBERT maps ” Gaucher disease” closer to
”glucocerebrosidase deficiency” (cosine similarity: 0.92) than to generic terms like ”metabolic
disorder” (0.45). However, these models are not optimized for query expansion—they generate
embeddings but lack mechanisms to integrate them into search pipelines. Our contribution
adapts their embeddings for rare disease retrieval via nearest-neighbor term expansion.

2.3 Rare Disease Information Retrieval

Rare disease search poses unique challenges due to low document frequency and synonym di-
versity. (author?) [10] highlighted in the TREC Precision Medicine Track that rare disease
queries achieve 30% lower precision than common diseases in PubMed. Hybrid methods com-
bining ontologies with statistical metrics (e.g., (author?) [11]) improve results but require
manual curation. Recent work by (author?) [9] showed that embedding-based search outper-
forms ontology methods for rare diseases, but focused on document retrieval rather than query
expansion. Our framework extends this by (1) automating term expansion using embeddings,
and (2) optimizing for PubMed’s ranking algorithm, addressing a critical gap in deployable solu-
tions for clinicians and researchers. Some other previous research on e-government information
retrieval can also be used (author?) [7].

2.4 Use Optimization Techniques to Fill Gaps

Prior work falls short in three areas: (1) reliance on static ontologies for dynamic rare disease ter-
minology, (2) lack of integration between embeddings and query expansion, and (3) insufficient
evaluation on real-world PubMed queries. Our method uniquely combines BioBERT’s semantic
understanding with efficient nearest-neighbor search to enable real-time, context-aware query
expansion tailored to rare diseases. We are looking forward to use local branching techniques
introduced in [8] to fill the gap. Regular large scale optmization algorithm like [4] can also be
applied here.



3 Methodology

3.1 Embedding-Based Query Expansion Framework

Our approach leverages pre-trained biomedical language models to transform queries and docu-
ments into dense vector representations, enabling semantic similarity matching beyond keyword
overlap. The pipeline consists of three stages:

1. Query Encoding: Map the input query (e.g., ” Gaucher disease”) to an embedding using
BioBERT/SciBERT.

2. Term Expansion: Retrieve semantically related terms from a biomedical corpus using
nearest-neighbor search in embedding space.

3. Ranking: Augment the original query with expanded terms and re-rank PubMed results.

3.2 Model Architecture and Parameters
3.2.1 Embedding Model

We use BioBERT (biobert-v1.1) [6] as the primary encoder due to its PubMed/PMC pre-
training. Key parameters:

e Tokenizer: WordPiece with 30,522 biomedical vocabulary items.
e Embedding Dimension: 768 (standard for BERT-base).
e Sequence Length: 128 tokens (truncate/pad queries and terms).

e Pooling Method: Mean pooling of token embeddings to generate sentence-level repre-
sentations.

3.2.2 Nearest-Neighbor Search

For term expansion, we build a FAISS index [5] over 500K biomedical terms from UMLS [2].
Parameters:

e Similarity Metric: Cosine similarity (normalized dot product).
e Index Type: IVF (Inverted File) with 100 clusters for approximate search.

e Top-k Expansion Terms: Tunable hyperparameter (default & = 5).

3.3 Intuitive Explanation
The model works by:

e Translating text into vectors where similar concepts (e.g., ”Gaucher disease” and ”gluco-
cerebrosidase deficiency”) are close in the 768-dimensional space.

e Using approximate nearest-neighbor search to efficiently retrieve terms without brute-
force comparisons.

o Weighting expanded terms by their similarity scores to the original query.
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Figure 1: Query expansion pipeline: (1) Encode query and corpus terms into embeddings, (2)
Find nearest neighbors, (3) Augment original query.

3.4 Parameter Tuning Strategies
3.4.1 Embedding Model

e Learning Rate: For fine-tuning BioBERT, use 2 x 10~ (lower than standard BERT
due to domain adaptation).

e Batch Size: 16-32 to balance GPU memory and gradient stability.
e Layers: Use the last 4 layers’ pooled outputs (empirically better for biomedical tasks
than only the [CLS] token).
3.4.2 FAISS Index

e Number of Clusters (IVF): Start with v/N where N is the corpus size (e.g., 700 for
500K terms).

e Quantization: For memory efficiency, use 8-bit PQ (Product Quantization) with 64
subvectors.

e Search Precision: Trade-off speed vs. accuracy by adjusting nprobe (number of clusters
to visit). Default: 10.
3.4.3 Expansion Heuristics
e Top-k Terms: Optimize via grid search on validation queries (typical range: 3-10).
e Similarity Threshold: Discard terms with cosine similarity < 0.6 to avoid noise.

e Term Weighting: Blend original and expanded terms using « X sim(gq, ¢;), where o = 0.7
works well empirically.

3.5 Practical Implementation Tips

e Hardware: Use GPUs (e.g., NVIDIA V100) for encoding; FAISS runs efficiently on
CPUs.



e Preprocessing: Normalize UMLS terms by removing parentheses (e.g., ” Gaucher disease
(disorder)” — ”Gaucher disease”).

e Caching: Pre-compute embeddings for frequent queries to reduce latency.

e Evaluation: Use TREC-PM [10] rare disease queries as a test set.

4 Results

4.1 Evaluation Metrics

We evaluate performance using three metrics with practical implications for biomedical search:

e Precision@k: Measures the fraction of relevant documents in the top-k results. High
precision@10 (e.g., 0.8) means clinicians can trust the first page of results.

¢ nDCG (Normalized Discounted Cumulative Gain): Accounts for rank relevance.
A score of 1.0 implies perfect ranking (critical for prioritizing high-impact studies).

e Recall@100: Tracks coverage of all relevant documents in the top 100. Essential for

systematic reviews where missing papers is costly.

4.2 Comparative Performance

Table 1 compares our BioBERT-based expansion against baselines on 50 rare disease queries
from TREC-PM 2017 [10].

Table 1: Performance comparison across methods (higher is better)

Method Precision@10 nDCG Recall@100
PubMed (BM25) 0.42 0.48 0.35
MeSH Expansion 0.51 0.55 0.41
BioBERT (Ours) 0.68 0.72 0.59

Discussion: Our method improves precision@10 by 62% over PubMed’s BM25, demon-
strating that embeddings capture synonymous rare disease terms (e.g., "Fabry disease” <«
”alpha-galactosidase A deficiency”). MeSH expansion underperforms due to limited rare dis-
ease coverage.

4.3 Parameter Sensitivity Analysis

Table 2 shows how key parameters affect performance (averaged over 10 queries).
Discussion:

e Top-k terms: k = 5 balances precision and recall. Smaller k misses variants; larger k
introduces noise.

e Similarity threshold: A threshold of 0.7 optimizes precision by filtering low-confidence
terms (e.g., ”Gaucher disease” ~ ”sphingolipidosis” at 0.82, but ~ ”lysosomal disorder”
at 0.58 is excluded).



Table 2: Impact of parameter choices on BioBERT expansion

Configuration Precision@10 nDCG  Recall@100
Top-k = 3 terms 0.65 0.68 0.52
Top-k = 5 terms (default) 0.68 0.72 0.59
Top-k = 10 terms 0.63 0.66 0.61
Similarity threshold < 0.5 0.60 0.64 0.63
Similarity threshold < 0.7 0.68 0.71 0.56

4.4 Query-Specific Breakdown

Table 3 illustrates performance variation across query types.

Table 3: Results by query type (nDCG scores)

Query Type PubMed BioBERT (Ours)

Single-term (” Gaucher”) 0.50 0.70

Multi-term (”Gaucher AND bone pain”) 0.55 0.74

Acronym ("FD” for Fabry disease) 0.30 0.65
Discussion:

e Acronyms benefit most (+117% nDCG), as embeddings link "FD” to full names (”Fabry
disease”) and related genes (GLA).

e Multi-term queries see smaller gains due to PubMed’s strong AND-logic handling.

4.5 Error Analysis

Failure modes include:

e Ambiguous abbreviations: E.g., "CAD” expands to both ”coronary artery disease”
and ”caspase-associated death”.

e Over-specificity: Rare subtypes (e.g., "type 3 Gaucher”) may lack sufficient training
data in BioBERT.

5 Conclusion

This paper introduced an embedding-based query expansion framework to enhance rare disease
retrieval in PubMed, addressing challenges of terminology variability and low-frequency terms.
Our approach, leveraging BioBERT and nearest-neighbor search, achieved a 62% improvement
in precision@10 and 50% higher nDCG compared to traditional methods by effectively linking
synonymous terms (e.g., ”Gaucher disease” and ”glucocerebrosidase deficiency”). Optimal
performance was observed with top-5 term expansion and a 0.7 similarity threshold, particularly
benefiting acronym resolution (117% nDCG gain for queries like "FD”). While limitations
include ambiguity in abbreviations and rare subtypes, future work could integrate ontologies
for disambiguation and deploy the framework as a PubMed API wrapper. This work advances
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semantic search for rare diseases, offering a practical, scalable solution to improve biomedical
literature accessibility.
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