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Abstract

This paper presents MedCascade, our submission to BioASQ task 14B for biomedical question answering. The task
evaluates systems across document and snippet retrieval, exact answer generation, and ideal answer generation.
MedCascade combines LLM-based query expansion, sparse retrieval, neural reranking, LLM-based listwise
reranking, Dense PRF reranking, snippet extraction, and LLM-based answer generation. Across the submitted
batches, MedCascade-v1 achieved the strongest performance among our submitted systems. In Phase A, it ranked
9th and 4th for document retrieval in batches 3 and 4, respectively, and 8th and 7th for snippet retrieval. In Phase
A+, it ranked 3rd for both exact and ideal answers in batch 3, and 1st for ideal answers in batch 4. The results
suggest that high-quality evidence retrieval is important for biomedical QA, while exact answer generation
remains sensitive to question type and output format.
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1. Introduction

Biomedical question answering is a central task in biomedical information access, requiring systems to
retrieve, select, and synthesize evidence from large collections of scientific literature in response to
expert-formulated information needs. In benchmark settings such as BioASQ [1, 2], this task evaluates
not only the ability of systems to identify relevant articles and snippets, but also their capacity to generate
exact answers and concise ideal answers that are faithful to the supporting biomedical evidence.
Recent work has shown that large language models (LLMs) have become central components in
biomedical question answering systems, in line with their strong performance across medical, biomedical,
and clinical NLP tasks [3, 4]. Current biomedical QA systems, however, are not limited to direct LLM-
based answer generation. They include prompted LLMs, fine-tuned models, and hybrid pipelines
that combine evidence retrieval, reranking, and answer generation [3, 5, 6]. Recent systems also use
model adaptation methods, such as parameter-efficient fine-tuning, to improve the use of biomedical
evidence and the quality of generated answers [7]. Retrieval augmented generation (RAG) has become
an important direction in this space, as it allows systems to retrieve relevant biomedical evidence before
generating answers [7]. This direction is also reflected in recent systems submitted to the BioASQ
evaluation labs, which combine traditional information retrieval methods with LLMs, leverage query
expansion, use knowledge resources, and perform RAG-based generation [8]. Nevertheless, recent
BioASQ results show that access to relevant evidence substantially improves answer quality, suggesting
that retrieval quality remains a key factor for the effectiveness of RAG-based biomedical QA systems [1].
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This is particularly important because RAG pipelines may underperform direct LLM-based generation
when the retrieved context is not sufficiently relevant or useful for answering the question [9].

The BioASQ task 14B provides a benchmark setting for evaluating the connection between evidence
retrieval and biomedical answer generation across three phases. In Phase A, systems retrieve relevant
PubMed documents and snippets for biomedical questions in English, in Phase A+ they additionally
provide exact and ideal answers, and in Phase B they generate updated exact and ideal answers using
expert-selected relevant material.

In this work, we present MedCascade, a biomedical QA system based on a cascaded retrieval and
generation pipeline. Our main design goal was to combine high-recall first-stage retrieval with successive
reranking stages, aiming to progressively improve precision in the final top-10 documents used for
answer generation. To this aim, MedCascade combines LLM-based query expansion, lexical retrieval,
semantic reranking, LLM-based listwise reranking, and a dense PRF reranking stage to improve the
quality of the retrieved evidence. MedCascade is an effectiveness-oriented biomedical QA system that
prioritizes retrieval quality over latency, with the most computationally demanding reranking stages
parallelized across multiple GPUs to reduce execution time. Overall, MedCascade is best viewed as
an effectiveness-oriented integration of established retrieval and reranking components, empirically
validated in a biomedical QA setting.

We participated in BioASQ task 14B [10] test batches 2, 3, and 4, submitting several systems and
MedCascade variants that differed in their retrieval, reranking, and generation components. Our
submissions are summarized in Table 1, while the methodology section describes the MedCascade
configuration that achieved the strongest overall performance among our submissions. The results
section then reports the performance of the submitted systems across the relevant BioASQ phases and
test batches.

2. Related Work

MedCascade builds on prior work in biomedical QA that combines lexical retrieval, neural reranking,
LLM-based query expansion, PRF, and LLM-based answer generation. This section reviews these
directions, focusing on retrieval, reranking, query reformulation, and retrieval-augmented answer
generation in biomedical QA.

2.1. Biomedical Evidence Retrieval

First-stage retrieval in biomedical QA systems is commonly based on sparse, dense, or hybrid retrieval
approaches [11, 12, 13]. Although neural retrieval methods have become increasingly effective [14],
BM25 [15] remains a strong and widely used model in BioASQ systems, both as a standalone first-stage
retriever and as part of more complex multi-stage pipelines [12, 13]. Its efficiency and robustness make it
particularly suitable for retrieving large candidate sets that can then be refined by more computationally
expensive reranking models.

At the same time, biomedical evidence retrieval has increasingly moved beyond purely lexical match-
ing. Neural sparse methods, such as SPLADE, preserve sparse representations while introducing
semantic expansion learned from language models, offering an alternative to classical term match-
ing [16]. Dense retrieval methods, often implemented through bi-encoders or sentence embedding
models, are also used to retrieve documents based on learned semantic representations of questions
and documents [17, 18]. These approaches complement lexical retrieval by matching questions and
documents in a learned semantic space, although their effectiveness depends on domain adaptation and
representation quality.

For this reason, several BioASQ systems adopt hybrid retrieval strategies that combine sparse and
dense signals [13, 19, 20, 11]. A common strategy is to combine BM25 with BERT-based bi-encoders,
using lexical matching and semantic similarity as complementary evidence signals [13, 21]. In practice,
hybrid retrieval often requires separate sparse and dense indexing pipelines, motivating recent work on
joint learning approaches that aim to integrate these signals more directly [20].



2.2. Neural and LLM-based Reranking

Reranking is commonly used in biomedical QA systems to refine the candidate set produced by first-
stage retrieval. More expressive models, such as cross-encoders, are typically applied to a smaller subset
of documents in order to improve early precision before snippet selection or answer generation [22, 23,
24, 25, 13]. Cross-encoders have shown strong performance in BioASQ systems and have been used in
multi-stage pipelines that combine reranking with dense PRF, although their computational cost limits
their use over very large candidate sets [18, 23, 13].

Recent work has also explored LLM-based reranking, with pointwise and listwise formulations being
the most common. Pointwise approaches score candidate documents independently, for example by
estimating the likelihood of a relevance-indicating response [26, 27]. Listwise approaches instead
ask the model to reorder a list of candidate documents, allowing the reranker to compare documents
jointly [28, 5, 6]. Prior work has shown that listwise reranking can improve over pointwise baselines,
although its applicability is constrained by context length and inference cost [29, 30]. In BioASQ, LLM-
based reranking has also been explored, with Verma et al. [18] reporting improvements from a GPT-40
listwise reranker. These results motivate the use of LLM-based listwise reranking as a high-precision
component applied after earlier retrieval and reranking stages.

2.3. Query Expansion and PRF

Query expansion and PRF are established query reformulation strategies for addressing vocabulary
mismatch, which is especially important in biomedical retrieval because relevant evidence may be
expressed through synonyms, abbreviations, ontology terms, among others [31, 32].

Query expansion has long been used to reformulate user queries and improve retrieval effective-
ness [33]. Recent query expansion methods increasingly use LLMs to generate expansion terms,
synthetic snippets, or ontology-guided reformulations [34, 35, 36, 37, 38]. These methods can introduce
relevant biomedical terminology that is absent from the original question, thereby improving the match
between the query and target evidence. At the same time, generated expansions require careful control,
since they may introduce noise or shift retrieval away from the original information need.

PRF is a standard technique for improving first-stage retrieval by using initially retrieved documents
to refine the query representation [39, 40]. However, its effectiveness depends on the quality of the
documents selected as pseudo relevant, since noisy feedback documents can shift the query represen-
tation away from the original information need [41]. Recent biomedical QA systems have adapted
PRF to both sparse and dense retrieval settings. In BioASQ, Borazio et al. [37] adopted a snippet-based
PRF strategy in which high-confidence snippets from the initially retrieved documents were used as
feedback terms to reformulate the BM25 query and refine the candidate ranking. Dense PRF methods,
including ColBERT-PRF and related dense feedback approaches, follow a different strategy by using
the vector representations of pseudo relevant documents to refine the query representation or adjust
document scoring in the embedding space [42, 43, 44, 23]. In this setting, feedback documents are not
used as additional query text, but as semantic signals that guide the ranking model toward documents
that are closer to the initially identified relevant evidence.

2.4. Answer Generation in Biomedical QA

RAG has become a common strategy for the answer generation phases of BioASQ, where systems use
retrieved documents or snippets as context for generating exact and ideal answers. Recent systems have
explored different ways of selecting and presenting this evidence to LLMs, including snippet selection,
task-aware prompting, and model ensembling [37, 45, 46, 47]. For example, Kim et al. [45] show that
prompting strategies should be adapted to the question type, since different types of questions may
benefit from different ways of presenting snippets to the model. Ensemble approaches based on multiple
proprietary LLMs have also achieved competitive performance, especially for yes/no questions [46].
These studies suggest that answer generation in biomedical QA depends not only on the choice of the
LLM, but also on how retrieved evidence is selected, structured, and provided to the model.



Overall, prior work shows that biomedical QA systems increasingly rely on multi-stage architectures
that combine retrieval, reranking, query expansion, PRF, and LLM-based answer generation. MedCas-
cade follows this direction, focusing on the progressive refinement of retrieved evidence before answer
generation.

3. MedCascade System Overview

MedCascade is a multi-stage biomedical QA system designed to balance high-recall first-stage retrieval
with high-precision evidence refinement through successive reranking stages.! The system starts
from a large candidate set retrieved from the indexed PubMed corpus® and progressively applies more
selective reranking stages to improve the precision of the final ranked list. The pipeline combines
LLM-based query expansion, BM25 first-stage retrieval, intermediate neural reranking, LLM-based
listwise reranking, Dense PRF reranking, score fusion, snippet extraction, and LLM-based answer
generation. The main retrieval objective is to improve the quality of the top-ranked documents used
for snippet extraction and answer generation. In the final retrieval stage, MedCascade operates on the
top 1000 candidates, applies LLM-based listwise reranking to the current top 20 documents, uses the
top k = 3 documents as pseudo relevant feedback, and then re-scores the full top-1000 candidate set.
Figure 1 provides an overview of the retrieval and reranking pipeline.

3.1. First-stage Retrieval

Given a biomedical question ¢, MedCascade first applies LLM-based query expansion to generate a
set of keywords, synonyms, and related terms, denoted as ¢’. We use Claude Sonnet 4° in a zero-shot
setting to generate these expansion terms. The expansion terms are then combined with the original
question to form an expanded query.

Unless otherwise stated, all preliminary experiments reported in this section were conducted on
BioASQ task 13B 2025 test batch 4*. In these experiments, we observed that simply concatenating
the original question with the generated expansion terms reduced retrieval performance, particularly
recall. To mitigate this effect, we followed prior work that repeats the original query before appending
generated expansions [48, 49]. The intuition is to preserve the weight of the original information need
while still allowing the retrieval model to benefit from additional related terms. The expanded query is
defined as:

g" = concat (qXR, t)

where ¢!t denotes the repetition of the original query R times. In MedCascade, we set R = 15, as our
preliminary experiments showed a performance plateau followed by a slow decrease.

The document corpus used for retrieval is the PubMed Baseline Repository 2026°. This corpus contains
citations and abstracts from biomedical literature indexed by NLM resources, including MEDLINE,
and corresponds to the document source used in BioASQ task 14B. The expanded query ¢ is used
to retrieve candidate documents from this indexed PubMed corpus. We use BM25 as the first-stage
retriever because it provides an efficient and robust mechanism for retrieving a large initial candidate
set of documents. To mitigate noise introduced by query expansion, we also perform retrieval with the
original query q. The rankings obtained from ¢ and ¢ are then fused using CombSUM [50], producing
the final first-stage ranking by summing the corresponding BM25 scores. We retain the top 3000
documents from this ranking in order to obtain a high-recall candidate set for the subsequent reranking
stages.

"The implementation of MedCascade, together with supplementary material, analyses and future developments, is available at
https://github.com/mitruhaa/bioasq_systems.

*Indexed PubMed corpus, accessed on 2/7/26: https://ftp.ncbinlm.nih.gov/pubmed/baseline/

*Claude Sonnet 4 model, accessed on 2/7/26: https://www.anthropic.com/claude/sonnet

“Data used in our preliminary experiments, accessed on 2/7/26: https://participants-area.bioasq.org/Tasks/b/testData/
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Figure 1: Overview of the MedCascade architecture.

3.2. Intermediate Neural Reranking

After first-stage retrieval, MedCascade applies two neural reranking stages to improve the precision
of the candidate set while preserving sufficient recall for the later stages. We first rerank the top
3000 BM25 candidates using the MedCPT reranker [51]. MedCPT is a cross-encoder initialized from
PubMedBERT and trained for biomedical query-document matching. Because scoring 3000 documents
with a cross-encoder is computationally demanding, we parallelize this step across three GPUs by
splitting the candidate set into three subsets of 1000 documents. The use of 1000-document candidate
sets is consistent with prior studies on multi-stage retrieval [13, 52]. Each subset is scored independently,
and the resulting scores are merged to produce a single ranking.

We retain the top 1000 documents after MedCPT reranking and apply a second reranking stage using
mxbai-rerank-large-v2, hereafter referred to as mxbai [53, 54]. For each candidate document d;, this
stage produces a reranking score s™4i which is later used in the final score fusion step. This model
is a 1.5B-parameter reranker based on a Qwen2.5 architecture and has shown strong performance on
English retrieval benchmarks [54]. The resulting top 1000 documents are used as a refined candidate
pool for the final LLM-assisted Dense PRF reranking stage. This design keeps a relatively large set of
potentially relevant documents while improving the precision of the candidates passed to the more
expensive final reranking module.



3.3. LLM-assisted Dense PRF Reranking

The final retrieval stage aims to improve precision in the top-10 documents used for snippet extraction
and answer generation. The module receives the top 1000 documents from the intermediate neural
reranking stage. Within this candidate pool, MedCascade applies LLM-based listwise reranking only
to the current top 20 documents. The highest-ranked & = 3 documents from this list are then treated
as pseudo relevant feedback documents. These feedback documents are used to construct an updated
dense query representation, which is used to rescore all 1000 candidate documents. The final ranking is
obtained by combining three signals: the mxbai reranking score S?Xbai, the LLM rank signal derived
from 1M, and the dense PRF similarity score st*F. The mxbai score is produced by the intermediate
neural reranking stage described in Section 3.2, while the LLM rank signal and dense PRF score are
introduced in Sections 3.3.1 and 3.3.2, respectively.

3.3.1. LLM-based Listwise Reranking

At each iteration, MedCascade applies listwise reranking to the current top 20 documents using the
text-only version of MedGemma-27B-IT° [55]. MedGemma-27B-IT is a model based on Gemma 3,
trained for medical text, with a long context length that allows listwise reranking using document titles
and abstracts. The output of this stage is a reordered list of the top 20 documents, from which the
highest-ranked documents are used as pseudo relevant feedback for the dense PRF reranking stage.
For each document d; included in this list, we denote its LLM-assigned rank as riLLM. In our submitted
configuration, we use the top k£ = 3 documents from the LLM ranking.

3.3.2. Dense PRF Reranking

We use S-PubMedBERT-MS-MARCO [56] as the bi-encoder for the dense PRF reranking stage. The top
k = 3 documents selected by the LLM-based listwise reranker are treated as pseudo relevant feedback
documents. For each question, we fetch the pre-computed embeddings of these documents and use
them to construct an updated query representation. Specifically, we compute a Rocchio-like query
representation as:

¢ = aeq + fmean(E(Dyopk))

where e, is the embedding of the original question, £(Dsqpj) denotes the embeddings of the selected
pseudo relevant documents, a = 0.3, and 8 = 0.7. The document embeddings are computed using
the full titles and abstracts of the selected pseudo relevant documents. We then compute the dense
PREF score for each candidate document d; in the top-1000 set as SERF = cos(¢/, eq,), where eg, is the
embedding of d;. This score is used as one of the signals in the final score fusion step.

3.3.3. Score Fusion

The final ranking is obtained by combining three relevance signals for each candidate document d;. The
first signal is the mxbai reranking score s;n"bai, produced by mxbai-rerank-large-v2. The second signal is
the dense PRF score stXF, computed from the similarity between the updated query representation and
the document embedding. The third signal is the LLM rank signal derived from the MedGemma-27B-IT
listwise ranking of the top 20 documents. The LLM rank signal is nonzero only for documents included
in the LLM-reranked top 20 list.

Since the mxbai and dense PRF scores are produced on different scales, we apply min-max normaliza-

tion to both scores for each query. For the LLM signal, we use a reciprocal-rank score:

(2

LLM {1 JrHM 7 if d; was ranked by the LLM,
S =

0, otherwise.

*MedGemma-27B-IT model, accessed on 2/7/26: https://huggingface.co/google/medgemma-27b-it
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The final score is computed as:

amxbai ~PRF LLM
Si = WmxbaiS; -+ WpRES; — + WLLMS; -
We set wyxbai = 0.3, wprr = 0.3, and wipm = 0.4, which achieved the best performance in our
preliminary experiments. Documents are ranked in descending order of S;.

3.3.4. Iterative Refinement

The LLM-assisted dense PRF reranking module can be applied iteratively. After computing the final
score S;, the candidate documents are reordered according to this score. The top 20 documents from
the updated ranking are then used as input to the next iteration of the same module. In each iteration,
MedGemma-27B-IT reranks the current top 20 documents, the top £ = 3 documents are selected as
pseudo relevant feedback, and the dense PRF score is recomputed over the top-1000 candidate set. In
our main submitted MedCascade configuration, we used two iterations of this module, as this setting
achieved the best performance in our preliminary experiments.

3.4. Snippet Extraction

For snippet extraction, we used Claude Sonnet 4.6 to identify the most relevant verbatim snippet for
each retrieved document. For each question-document pair, the model was instructed to return the
exact snippet text, the source section, namely title or abstract, and the snippet position in the document.
Because the submitted snippets must correspond to text spans in the original source, we applied a post-
processing step to verify the model output against the document text. This step uses sliding-window
fuzzy matching to locate the closest matching span and correct the extracted snippet when needed.

3.5. Answer Generation

For answer generation, we used Llama-3.1-70B-Instruct® to produce both exact and ideal answers. The
model was prompted differently depending on the question type and was provided with either the most
relevant snippets or the full abstracts as context. For exact answers, the model was instructed to return
the required answer format, such as a yes/no answer for yes/no questions or a list of entities for list
questions. For ideal answers, the model was instructed to generate a concise paragraph-length response
grounded in the provided evidence.

4. Results

The results are organized according to the BioASQ task 14B phases, leveraging the provided datasets [57,
10]. Phase A evaluates retrieval effectiveness, requiring systems to return ranked lists of up to 10
relevant documents and snippets for each biomedical question. Phase A+ evaluates exact and ideal
answer generation for the same questions, using the evidence retrieved by the submitted system. Phase
B evaluates answer generation when expert-selected gold articles and snippets are provided, allowing
us to assess the generation component under stronger evidence conditions.

Exact answers are evaluated according to the question type, including yes/no, factoid, and list
questions. Ideal answers are paragraph-sized summaries intended to approximate expert-written
biomedical answers. We therefore report document and snippet retrieval results for Phase A, and exact
and ideal answer results for Phases A+ and B.

4.1. Experiments Submitted

We submitted three systems to BioASQ task 14B, namely two MedCascade variants and one simple ref-
erence system. The MedCascade variants share the same overall pipeline, but differ in the configuration

%Llama-3.1-70B-Instruct model, accessed on 2/7/26: https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct
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of the LLM-assisted Dense PRF reranking stage and in the evidence provided to the generation model.
The reference system was included as an initial comparison point against a lighter retrieval pipeline
based on BM25 and SPLADE-v3’. Table 1 summarizes the submitted systems, their configuration, and

the BioASQ batches and phases in which they were submitted.

Table 1

Overview of the submitted systems for BioASQ 14B.

System Submission name  Batches Phases Main configuration
BM25 & SPLADE  bm25 & splade 2 A'B BM25 is used as the first-stage retriever to obtain
the top 1000 candidate documents, which are then
reranked with SPLADE-v3. Snippet extraction is
performed through BM25-based sentence-level
passage retrieval. For generation, the system uses
Llama-3.1-70B-Instruct in a zero-shot setting.
MedCascade-v1 multi-stage 3,4 A, A+, B MedCascade with k& = 3 pseudo relevant docu-
rank&llm ments and r = 2 Dense PRF iterations. Retrieved
snippets are used as context for generation.
MedCascade-v2 ~ multi-stage 4 A'B MedCascade with k = 10 pseudo relevant docu-
rank&ll ments and r = 3 Dense PRF iterations. Document

titles and abstracts are used as context for gener-
ation.

The following sections report the performance of the submitted systems across the corresponding
BioASQ task 14B batches and phases. We focus on document retrieval, snippet retrieval, exact answer
generation, and ideal answer generation. Since the submitted systems were not evaluated on exactly
the same batches and phases, the results should be interpreted according to the submission coverage
reported in Table 1.

4.2. Phase A: Document and Snippet Retrieval

Phase A evaluates the ability of the submitted systems to retrieve relevant PubMed documents and
snippets. We report document retrieval results in Table 2 and snippet retrieval results in Table 3.

For each batch, we also include the top-performing system as a reference point. In both tables, rank
refers to the position of each submitted system according to MAP, which is the main official metric for
Phase A document and snippet retrieval. We also report mean precision, recall, F-measure, and GMAP
to provide a complementary view of retrieval effectiveness.

In terms of MAP, MedCascade-v1 ranked 9th and 4th for document retrieval in batches 3 and 4,
respectively, and 8th and 7th for snippet retrieval, while MedCascade-v2 ranked 20th for document
retrieval and 11th for snippet retrieval in batch 4.

Table 2
Phase A document retrieval results.
Batch System’s Ranking System Mean precision Recall F-measure MAP GMAP

2 1st dictycite-max .080 3214 1197 .2395 .0018
2 12th bm25 & splade .0575 2464 .0881 1947 .0007
3 1st Fleming-5 .0783 .3206 1178 2114 .0026
3 9th MedCascade-v1 .0800 .3490 1238 1764 .0032
4 1st dictycite-max-rew-si .0967 .3698 1425 2310 .0031
4 4th MedCascade-v1 .0900 .3644 1344 .2034 .0028
4 20th MedCascade-v2 .0900 .3406 1332 1852 .0021

’SPLADE-v3 model, accessed on 2/7/26: https://huggingface.co/naver/splade-v3


https://huggingface.co/naver/splade-v3

Table 3
Phase A snippet retrieval results.

Batch  System’s Ranking System Mean precision Recall F-measure MAP GMAP
2 1st RMC_2 .0373 .0846 .0419 .2108  .0001
2 34th bm25 & splade .0438 .0682 .0469 .0545 .0001
3 1st UR-IW-4 .0690 1524 .0780 .1440 .0005
3 8th MedCascade-v1 .0560 1425 .0687 .0954  .0010
4 1st UR-IW-2 .0774 .2055 .0992 1750 .0012
4 7th MedCascade-v1 .0814 .2441 .1062 1344 .0020
4 11th MedCascade-v2 .0794 .2300 1037 .1205 .0015

The BM25 & SPLADE reference system was submitted in batch 2 as an initial system to assess the
difficulty of the retrieval task. It ranked 12th by MAP for document retrieval, with a MAP of .1947
compared with .2395 for the top-ranked run. However, its recall was lower than the top-ranked run,
with .2464 compared with .3214. The snippet retrieval results showed a similar limitation, as the system
ranked 34th by MAP. By analyzing the preliminary results and the available gold labels for this batch,
we observed that this initial pipeline often failed to retrieve enough relevant evidence. This motivated
the development of MedCascade as a higher-recall multi-stage retrieval pipeline.

The later MedCascade submissions reflect this recall-oriented design. In batch 3, MedCascade-v1
ranked 9th by MAP but achieved the second-best recall among the submitted systems in the task.
This supports the design goal of increasing the coverage of relevant documents before applying more
selective reranking stages.

In batch 4, MedCascade-v1 achieved its best Phase A document retrieval rank among our submitted
runs, ranking 4th by MAP and reaching recall close to the top-ranked run. By contrast, MedCascade-v2
did not improve over MedCascade-v1.

This suggests that increasing both the number of pseudo relevant documents and the number of Dense
PRF iterations did not improve the final ranking, possibly because the additional feedback introduced
noise into the refinement process.

For snippet retrieval, MedCascade uses the same snippet extraction procedure across variants. Given
the retrieved and reranked documents, Claude Sonnet 4.6 is used to extract the most relevant verbatim
snippet for each question-document pair, including the corresponding section and position in the
source document. The extracted snippets are then verified against the original document text using
sliding-window fuzzy matching. Therefore, differences between MedCascade-v1 and MedCascade-v2
in Table 3 mainly reflect differences in the document rankings produced before snippet extraction. In
batch 3, MedCascade-v1 ranked 8th by MAP for snippet retrieval. In batch 4, MedCascade-v1 ranked
7th, while MedCascade-v2 ranked 11th, following the same trend observed in document retrieval. Since
the MedCascade variants used the same snippet extraction procedure, these differences are mainly
attributable to the quality of the retrieved and reranked document lists provided to the snippet extraction
module.

Overall, the Phase A results suggest that MedCascade-v1 provided the strongest retrieval configuration
among our submitted systems, while MedCascade-v2 shows that increasing feedback size and iteration
depth does not necessarily improve retrieval or snippet effectiveness. Its recall-oriented design was
effective in retrieving relevant evidence, as shown by the second-best recall in batch 3 and recall close
to the top-ranked run in batch 4.

4.3. Phase A+: Answer Generation with Retrieved Evidence

Phase A+ evaluates the ability of the submitted systems to generate exact and ideal answers using the
evidence retrieved by their own pipeline. This setting combines retrieval and generation, and therefore
reflects the end-to-end behavior of the system. We report exact answer results in Table 4 and ideal



Table 4
Phase A+ exact answer results.

Yes/No Factoid List
Batch  System’s Ranking  System Accuracy F1Yes F1No MacroF1 Strict Acc. Lenient Acc. MRR  Mean Prec. Recall F-measure
3 1st pancras_crag 1.0000  1.0000 1.0000  1.0000 3529 3529 13529 1495 2382 1716
3 3rd MedCascade-v1 ~ 1.0000  1.0000 1.0000  1.0000 3529 4706 4118 2914 3504 13000
4 1st ASK-Baseline 9375 9474 9231 9352 2727 3636 13030 1378 5528 2040
4 19th MedCascade-vl ~ .8750 9000  .8333 8667 0909 2727 1439 2768 5427 3454
Table 5
Phase A+ ideal answer results using automatic evaluation scores.
Batch System’s Ranking System R-2Rec. R-2F1 R-SU4 Rec. R-SU4F1
3 1st ASK-Baseline .2373 .0995 .2661 1150
3 3rd MedCascade-v1 .2372 1191 .2445 1267
4 1st MedCascade-v1 .2439 1227 .2562 1319
4 2nd UR-IW-5 2377 1144 .2614 1285

answer results in Table 5. For exact answers, the evaluation is organized by question type, including
yes/no, factoid, and list questions. For ideal answers, we report automatic ROUGE-based scores, namely
ROUGE-2 and ROUGE-SU4 recall and F1.

In Phase A+, MedCascade-v1 ranked 3rd in batch 3 for exact answers and also ranked 3rd for ideal
answers. For exact answers in batch 3, MedCascade-v1 matched the top-ranked system on yes/no
questions and obtained higher factoid lenient accuracy, factoid MRR, and list-answer scores than the
top-ranked system reported in the table. In batch 4, MedCascade-v1 ranked 19th for exact answers,
but ranked 1st for ideal answers according to the automatic evaluation scores. This suggests that
the retrieved evidence used by MedCascade-v1 was particularly useful for paragraph-level answer
generation. At the same time, exact answer generation remained more sensitive to question type and
output format, especially for factoid and list questions.

Overall, the Phase A+ results show that MedCascade-v1 can support strong end-to-end ideal answer
generation when using its own retrieved evidence as context. However, exact answer generation remains
more variable, suggesting that future improvements should focus not only on evidence retrieval, but
also on answer type recognition and constrained answer formatting.

4.4. Phase B: Answer Generation with Expert-selected Evidence

Phase B evaluates answer generation when systems are provided with expert-selected gold articles and
snippets. Unlike Phase A+, this setting reduces the influence of the system’s own retrieval pipeline
and allows us to examine the generation component under stronger evidence conditions. We report
exact answer results in Table 6 and ideal answer results in Table 7. As in Phase A+, exact answers are
evaluated by question type, while ideal answers are evaluated using automatic ROUGE-based scores.

Table 6
Phase B exact answer results.
Yes/No Factoid List
Batch  System’s Ranking System Accuracy F1Yes F1No MacroF1 Strict Acc. Lenient Acc.  MRR Mean Prec. Recall F-measure

2 1st dictycite-baseline 1.0000 1.0000  1.0000 1.0000 .3000 .3000 .3000 4465 4280 4301
2 28th bm25 & splade 9048 9231 .8750 .8990 .3000 .3000 .3000 .4309 .4405 4268
3 Tst MedQA-1 1.0000 1.0000  1.0000 1.0000 .5294 5294 5294 4475 4336 4275
3 37th MedCascade-v1 9091 9333 8571 .8952 4706 5294 .5000 4644 5666 4986
4 1st IR_Y-1 1.0000 1.0000  1.0000 1.0000 .0909 1818 1212 .3443 4239 .3661
4 10th MedCascade-v1 9375 9474 9231 9352 2727 .3636 .2955 4532 6747 5251
4 13th MedCascade-v2 9375 9474 9231 9352 .3636 4545 4091 3912 .6380 4609

In Phase B, the BM25 & SPLADE reference system ranked 28th for exact answers and 31st for



Table 7
Phase B ideal answer results using automatic evaluation scores.

Batch System’s Ranking System R-2Rec. R-2F1 R-SU4Rec. R-SU4F1
2 1st Organization name .3923 .2082 .3986 .2103
2 31st bm25 & splade .2663 2176 .2702 2156
3 1st Organization name 4028 .2397 4155 .2458
3 3rd MedCascade-v1 .3381 1897 .3320 1856
4 1st Fleming-1 .3743 1803 .3798 1805
4 8th MedCascade-v2 3149 1527 .3108 1525
4 9th MedCascade-v1 .3100 711 .3004 1686

ideal answers in batch 2. MedCascade-v1 ranked 37th for exact answers in batch 3, but ranked 3rd
for ideal answers. This suggests that the generation pipeline was more effective for paragraph-level
answer generation than for exact answer formatting in this batch. In batch 4, MedCascade-v1 and
MedCascade-v2 achieved the same yes/no performance. MedCascade-v2 obtained higher factoid scores,
while MedCascade-v1 obtained higher list-answer scores. For ideal answers, MedCascade-v2 ranked
8th and MedCascade-v1 ranked 9th, with MedCascade-v1 obtaining a higher ROUGE-2 F1 score and
MedCascade-v2 obtaining a higher ROUGE-SU4 recall score.

Overall, the Phase B results suggest that the generation component can produce competitive ideal
answers when expert-selected evidence is available. However, exact answer performance remains more
variable across question types, indicating that future improvements should focus on answer type control
and constrained answer formatting.

5. Conclusions and Future Work

In this work, we presented MedCascade, a multi-stage biomedical question answering system developed
for BioASQ task 14B. The system combines LLM-based query expansion, sparse retrieval, neural
reranking, LLM-based listwise reranking, Dense PRF reranking, snippet extraction, and LLM-based
answer generation. Our results show that MedCascade-v1 was the strongest configuration among our
submitted systems, especially in Phase A, where it achieved strong recall and competitive MAP rankings
for document and snippet retrieval. The results also show that increasing the number of pseudo relevant
documents and Dense PRF iterations in MedCascade-v2 did not improve performance, suggesting that
feedback quality may be more important than feedback quantity in this setting. For answer generation,
MedCascade showed stronger performance for ideal answers than for exact answers, indicating that the
retrieved evidence was useful for paragraph-level biomedical answer generation, while exact answer
generation remains more sensitive to question type and output constraints.

Future work will focus on improving the control of the final reranking and generation stages. First, we
plan to study more robust strategies for selecting pseudo relevant documents, in order to reduce the risk
of introducing noisy feedback during Dense PRF reranking. Second, we aim to improve exact answer
generation through question-type-specific prompting, answer validation, and constrained decoding or
post-processing. Finally, we plan to investigate more efficient variants of MedCascade that preserve
retrieval effectiveness while reducing the computational cost of the intermediate neural reranking
approaches.
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