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Abstract. Biomedical scientific heritage faces a dual challenge of exponential
growth and inaccessibility. This paper presents a Trustworthy Retrieval Aug-
mented Generation (RAG) framework designed for the digital preservation and
transparent presentation of biomedical knowledge integrating ontology aware re-
trieval (MeSH/UMLS), hybrid BM25 + dense search via Reciprocal Rank Fu-
sion, sentence level attribution, and a novel composite biomedical Trust Index
(BTI) quantifying factual accuracy, attribution fidelity and adversarial robustness
on the MedQuAD corpus, the framework achieves 89.1% top-5 recall, 85.6%
attribution accuracy, F1 score of 75.2 and BTI of 0.84 on clean data.

Keywords: Retrieval-Augmented Generation, Biomedical NLP, Trustworthy
Al, Digital Preservation, Biomedical Trust Index.

1 Introduction

The digital preservation of biomedical scientific heritage creates a fundamental para-
dox: the volume that makes it valuable also makes it inaccessible. PubMed alone in-
dexes about 36 million citations, increasing by over one million annually. Making con-
served knowledge reliably queryable, factually verifiable, and clearly visible to re-
searchers, physicians, and archivists is the new challenge, not archiving.

Large language models (LLMs) provide transformational synthesis skills, but hallu-
cinate at unacceptable rates in archival or clinical settings, producing plausible but fac-
tually unsubstantiated assertions (Guan et al., 2024). Retrieval-Augmented Generation
(RAG) addresses this by rooting LLM results on retrieved source materials (Lewis et
al., 2020). Domain-specific models, such as BioBERT (Lee et al., 2020), showed that
in-domain pre-training significantly enhances factual precision, serving as the founda-
tion for modern RAG systems.

Existing biomedical RAG systems have three outstanding weaknesses: (i) sparse re-
trievers miss semantically similar concepts due to vocabulary mismatch; (ii) generated
claims are untraceable to source passages; and (iii) there is no uniform metric to capture
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output trustworthiness holistically. Zhou et al. (2024) show that trustworthiness in RAG
is still an open, fragmented challenge. This study covers five research problems, in-
cluding sentence-level traceability in biomedical RAG, ontology-aware retrieval bene-
fits, adversarial defense efficacy, trust index validity, and traceability-performance
trade-offs.

2 Related Work and Theoretical Background

2.1 Evolution of Biomedical NLP and RAG

Biomedical NLP evolved from rule-based systems to domain-specific transformers (Bi-
oBERT, SciBERT, PubMedBERT), with in-domain pre-training yielding substantial
factual precision gains (Lee et al., 2020). RAG (Lewis et al., 2020) tackles hallucination
by conditioning creation on retrieved evidence. Biomedical adaptations include Bio-
MedRAG (Li et al., 2025), finetuning dense retrievers on PubMed; TrumorGPT (Hang
et al., 2025), graph-based ontology retrieval. No existing system addresses all four fea-
tures of this work: hybrid retrieval, sentence attribution, adversarial robustness, and a
composite trust measure.

2.2 Trustworthiness, Hallucination and Calibration

Trustworthy Al in healthcare demands explainability, robustness, fairness, and tracea-
bility. Hallucination in biological LLMs is well documented (Guan et al., 2024); miti-
gations include chain-of-verification (Dhuliawala et al., 2024), token-level uncertainty
quantification (Fadeeva et al., 2024), and self-verification via SelfCheckGPT (Manakul
et al., 2023). Confidence calibration remains a practical barrier to clinical adoption,
motivating the ECE component of the BTI

2.3  Ontology-Aware and Hybrid Retrieval

Ontology-enriched retrieval with MeSH and UMLS lowers vocabulary mismatch in
biological IR (Sood & Imran, 2024; Aghaebrahimian et al., 2022). Hybrid BM25+dense
retrieval with Reciprocal Rank Fusion (Wang et al., 2021) regularly beats each tech-
nique alone. This framework synthesises both within a BTI-certified preservation pipe-
line — a combination absent from all prior systems.

3 Exposition of the Investigation
3.1  System Architecture

The framework consists of five interconnected modules (Fig. 1): (1) an ontology-aware
query processor that expands queries with MeSH/UMLS synonyms; (2) a hybrid re-
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trieval engine that combines BM25 and MiniLM-L6 dense retrievers fused via Recip-
rocal Rank Fusion; (3) a constrained LLM generator (GPT-3.5-Turbo) that grounds
every claim in retrieved context; (4) a sentence-level attribution layer that uses Sen-
tence-BERT cosine similarity; and (5) a BTI evaluator that aggregates all trust signals

into one.

Ontology Expansion

Hybrid Fusion
LLM Generator

Sentence Attribution

Fact Verification

Evaluation:
EM, F1, ECE, Recall@k

Biomedical Trust Index

Fig. 1. End-to-end Trustworthy RAG pipeline: from user query through ontology expansion
and hybrid retrieval to trust-evaluated answer generation.

3.2 Core Formulations

Six equations define the formal framework. They formalize how the system expands
queries to improve recall (Eq. 1), fuses retrieval signals for robustness (Eq. 2), traces
each generated claim to its source (Eq. 3), quantifies trust (Eq. 4), measures adversarial
degradation (Eq. 5), and assesses calibration (Eq. 6), thereby providing a complete,
reproducible mathematical foundation accessible to interdisciplinary readers. Query ex-
pansion (Eq. 1) expands query q using UMLS synonyms, bridging the vocabulary gap
between lay queries and indexed biomedical terminology. RRF (Eq. 2) combines re-
triever ranks without learning weights, ensuring reproducibility in heritage systems.
Sentence attribution (Eq. 3) assigns each output sentence to the most semantically re-
lated chunk retrieved when cosine similarity exceeds the criterion 6 = 0.75. The BTI
(Eq. 4) combines factual accuracy (F), attribution accuracy (A), and calibration error
(E), with customizable weights (a, B, y). Equal weights o = 3 =y = 1/3 are used as a
conservative baseline compatible with normal composite metric practice (Albahri et al.,
2023). Alternative configurations, such as upweighting F for diagnostic contexts or A
for archival traceability, represent a direction for further sensitivity research. Adversar-
ial delta metrics (Eq. 5) quantify performance degradation. ECE (Eq. 6) measures cal-
ibration quality across M confidence bins.
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qo = q U {s|s € UMLS_synonyms(e_i),e_i € E(q)} )

RRF(d) = X {r € retrievers} 1/ (k + rank_r(d)), k = 60 )
attr(s_i) = argmax_j cos(p(s_i),p(c_j)), if maxcos > 6 = 0.75 (3)
BTl =a-F+B-A4+y (1 —-E), a+p+y=1 @)
AEM = EM_clean — EM_perturbed, AF1 = F1_clean — F1_perturbed (5)
ECE = Y_m |B_m| /n - |acc(B_m) — conf(B_m)| (6)

33 Dataset and Evaluation Protocol

MedQuAD, a database of 16,407 NIH-sourced biomedical question-and-answer pairs
from 12 institutional sources, was employed in the experiments. A stratified sample of
500 cases was established: 350 pairs for baseline and attribution evaluation, and 150
for adversarial robustness testing across four perturbation types, implemented in the
following way to ensure reproducibility: (i) syntactic noise caused character-level ty-
pographic errors at a 5% token mutation rate; (ii) semantic drift used WordNet-based
near-synonym substitution for key biological terminology; (iii) distractor injection
added a randomly chosen, topically irrelevant MedQuAD sentence to the retrieved con-
text; and (iv) contradictory evidence insertion manually reversed the key factual claim
in the top-ranked retrieved section. Technology stack: LangChain (orchestration),
ChromaDB (dense retrieval), Elasticsearch (BM25 sparse retrieval), Sentence Trans-
formers/all-MiniLM-L6-v2 (attribution), and GPT-3.5-Turbo (generating). The ran-
dom seed is 42, with an 80/20 stratified split and an RRF constant of 60. Metrics include
exact match (EM), F1, recall@5, nDCG@5, MRR@S5, attribution error rate (AER),
expected calibration error (ECE), and BTI.

4 Results

4.1 Retrieval Performance

The Hybrid RRF based retrieval achieved Recall@5=0.89, nDCG@5=0.81, and
MRR@5=0.71, beating BM25 alone (Recall@5=0.62) and dense-only retrieval
(0.75). Ontology-aware expansion resulted in an additional 9.4% Recall@5 improve-
ment over non-expanded hybrid queries. Table 1 compares retrieval results across all
approaches.

Table 1. Retrieval performance comparison across methods (MedQuAD, n=350).

Retriever Recall@5 nDCG@5 MRR@S5S
BM25 (Sparse) 0.62 0.58 0.47
Dense (MiniLM-L6) 0.75 0.70 0.61
Hybrid RRF (Ours) 0.89 0.81 0.71
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4.2  Baseline QA Performance and BTI Correlation

The pipeline obtained EM = 61.4% and F1 =75.2% on the 350-sample assessment set
with no disturbances. The EM-F1 gap represents legitimate synonymic and paraphrastic
biological answers, which is expected in medical language. Figure 2 shows a continu-
ous positive association between BTI scores and Exact Match across all evaluation
samples, indicating that BTT is a credible factual dependability proxy rather than an
abstract composite score.

BTl vs Exact Match

0.6 1 [=]
0.5 4

0.4 4

0.1

BTl Score

o
Exact Match (0=No, 1=Yes)

Fig. 2. BTI score vs. Exact Match.

4.3 Sentence-Level Attribution

Out of 1,124 sentences generated over 350 QA samples, 916 (81.5%) received valid
attribution with 6 > 0.75. On clean data, attribution accuracy was 85.6%, but it dropped
to 73.2% during adversarial perturbation. The 18.5% of unattributed phrases, which
were primarily hallucinations or poorly generalized claims, were automatically flagged
for human auditing without each response being manually inspected. Figure 3 depicts

the whole attribution score distribution with the 6 = 0.75 decision threshold.
Attribution Score Distribution

oL T

0.0 0.2 0.4 0.6 0.8 Lo
Attribution Score

Fig. 3. Sentence-level attribution score distribution.

To demonstrate attribution in practice, a correctly attributed sentence — "Metformin is
the first-line pharmacological treatment for type 2 diabetes" — had a cosine similarity
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of 0.83 with the top retrieved paragraph and was correctly traced back to its NIH source.
A hallucinated statement — "Insulin resistance is reversed within 48 hours of dietary
intervention" — received a score of 0.41, falling below the threshold and prompting
automatic audit flagging. This shows how sentence-level attribution offers actionable
provenance signals without requiring a manual assessment of each generated response.

4.4 Confidence Calibration

The Expected Calibration Error (ECE) for clean data was 0.092, calculated using Eq. 6
over M=10 confidence bins. The mid-range forecasts (confidence level 0.5-0.7) were
effectively calibrated. The 0.8-1.0 bin demonstrated systematic overconfidence, as the
model awarded high confidence to factually inaccurate outcomes more frequently than
bin accuracy justified. The calibration reliability diagram Figure 4 indicates a deviation
from the y=x diagonal in the high-confidence region, indicating the requirement for
post-hoc temperature scaling prior to clinical or archival deployment.
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Fig. 4. Calibration reliability diagram.

4.5 Adversarial Robustness and Trust Metric Correlations

Across four perturbation categories, average degradation was AEM=7.3% and
AF1=6.9% (Eq.5). Semantic drift and contradictory-evidence injection caused the
largest drops; syntactic noise had the least impact. Attribution Error Rate (AER) rose
from 12.4% (clean) to 21.6% (perturbed) — the most sensitive trust signal, indicating
that adversarial conditions primarily compromise source traceability rather than gener-
ation fluency. BTI fell from 0.84 to 0.69 (17.9% reduction), providing a single inter-
pretable signal capturing simultaneous degradation across all trust dimensions. Figure 5
presents the trust metric correlation heatmap: all five dimensions (EM, F1, attribution
accuracy, ECE, BTI) are significantly intercorrelated, validating that the BTI compo-
nents are complementary and non-redundant — each capturing a distinct, inde-
pendently meaningful facet of trustworthiness. Attribution accuracy emerges as the
most sensitive indicator of adversarial stress, suggesting AER should be the primary
alert metric in deployed preservation pipelines.
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Trust Metric Correlations
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Fig. 5. Trust metric correlation heatmap.
Table 2 provides a comprehensive summary of all system performance metrics across
clean and perturbed evaluation conditions, forming a reproducible benchmark for future

comparative studies.

Table 2. Full system performance across all trust dimensions — clean vs. perturbed conditions

(MedQuAD).

Metric BM25 Dense Hybrid RRF Perturbed
(MiniLM) (Ours) (Hybrid)

Recall@5 0.62 0.75 0.89 0.81
nDCG@5 0.58 0.70 0.81 —
MRR@5 0.47 0.61 0.71 —
Exact Match (EM) — — 61.4% 54.1%
F1 Score — — 75.2% 68.3%
Attribution Accuracy — — 85.6% 73.2%
Attr. Error Rate (AER) — 12.4% 21.6%
ECE (Calibration) — — 0.092 0.128
BTI (Composite) — — 0.84 0.69

5 Discussion
Contributions and Comparison with Prior Work
Hybrid RRF retrieval significantly beats single-method retrieval, and ontology-aware

expansion enhances this advantage by bridging vocabulary mismatches that keyword
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search cannot resolve. Compared to BioMedRAG (Li et al., 2025), this system adds
sentence-level traceability and adversarial evaluation; compared to TrumorGPT (Hang
et al., 2025), it generalizes across all biomedical sub-domains without rigid graph con-
struction. The BTI reduces the fragmented trust evaluation landscape identified by Al-
bahri et al. (2023) to a single, context-configurable, institutionally deployable score. In
terms of computational scalability, the attribution and ontology modules increased re-
trieval latency by about 22% over the basic BM25 pipeline. ChromaDB's approximate
nearest-neighbour indexing scales sub-linearly with corpus size, allowing deployment
on archives far bigger than MedQuAD; nevertheless, GPT-3.5-Turbo's 4,096-token
context limit results in evidence truncation for long heritage queries. Asynchronous or
batch retrieval over dispersed index shards is regarded as a critical engineering priority
for large-scale archival deployment.

5.1  Research Questions Synthesis

RQI: Eq. 3's sentence-level traceability achieved 85.6% accuracy and flagged 18.5%
of outputs without manual review. RQ2: MeSH/UMLS expansion resulted in +9.4%
Recall@5. RQ3: Average adversarial degradation was confined to AF1 =6.9%, with
syntactic noise having the lowest impact. RQ4: BTI=0.84 (clean) vs. 0.69 (perturbed);
significant EM correlation indicates validity of trust proxy. RQ5: Attribution and on-
tology modules increased retrieval latency by approximately 22%, a trade-off justified
in heritage preservation contexts where accuracy trumps throughput.

5.2 Limitations

MedQuAD is English-only and strictly structured, it does not reflect the linguistic di-
versity of real-world multilingual biomedical heritage archives. Future evaluations us-
ing corpora such as CLEF eHealth or EHR-Rel-Benchmark will be required to confirm
cross-lingual generalizability in international heritage preservation contexts. The reli-
ance on GPT-3.5-Turbo reduces repeatability due to opaque weights and API version-
ing; BioMedLM (2.7 billion parameters, openly licensed) is recognized as the key con-
tender for reproducible offline replication of this framework. Equivalent BTI weights
(=P =1v=1/3) adhere to normal composite metric practice; further sensitivity analysis
will identify context-optimal configurations for diagnostic versus archival deployment.
There was no statistical significance testing performed; hence, the findings should be
taken as proof-of-concept baselines pending larger-scale replication.

6 Conclusions

This research argues that trustworthiness in biomedical RAG is a multidimensional,
structurally designable concept rather than an emergent attribute of model scale. The
proposed methodology, which combines ontology-aware hybrid retrieval, sentence-
level attribution, and the Biomedical Trust Index, achieves Recall@5=0.89,
F1=75.2%, attribution accuracy = 85.6%, and BTI =0.84 on MedQuAD. The metrics
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degrade predictably under adversarial stress. The Trust Metric Correlation heatmap
(Fig. 5) confirms the multi-component BTI architecture by proving that factual correct-
ness, attribution fidelity, and calibration capture independent and non-redundant trust
variation.

The BTI operationalizes trustworthiness as a measurable, context-configurable com-
posite, allowing institutions to compare Al-mediated biomedical knowledge systems to
a consistent standard. As biomedical heritage grows and digital preservation becomes
more critical, frameworks that incorporate verifiability, provenance, and trust measure-
ment at the architectural level provide a principled path to responsible, transparent, and
auditable Al-mediated scientific heritage stewardship.
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