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Figure 1: Data Gatherer pipeline

ABSTRACT
Scientific papers often refer to datasets through accession codes,
repository links, or informal descriptions scattered across the doc-
ument. Identifying these references at scale is important for repro-
ducibility and data discovery, but sending every full article to a
commercial large language model can be expensive.

Data Gatherer addresses this problem by combining evidence
retrieval with language model extraction: it first selects the pas-
sages most likely to contain dataset references and then applies a
language model only to those passages. Our earlier version reduced
processing costs but sometimes missed relevant evidence. In this
work, we improve evidence retrieval by combining semantic rank-
ing and repository-specific identifier pattern matching. Together,
these additions recover most of the recall lost by the earlier retrieve-
then-read pipeline while avoiding full-document processing. We
also fine-tune Flan-T5-base to perform extraction locally without
relying on commercial model APIs.

On a held-out set of 249 biomedical articles, the enhanced
pipeline increases recall from 0.54 to 0.98 against a reverse-
engineered gold standard and from 0.31 to 0.66 against a broader

automatically derived benchmark. The fine-tuned model achieves
recall close to that of proprietary models while reducing estimated
inference cost by 330× to 1,300×, although with lower precision.

We release the model weights, training data, repository registry,
and fine-tuning and evaluation code.
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1 INTRODUCTION
Standardized dataset deposition is not a new concern: as early
as 1988, Nucleic Acids Research1 required authors to submit se-
quence data to EMBL and cite the resulting accession number [13].
Nearly four decades later, however, dataset references remain in-
consistently reported across disciplines and publishers, making
programmatic dataset mention extraction difficult at scale.

In our previous work, we introduced Data Gatherer [20], an
open-source tool that leverages LLMs to identify cited datasets. The
system supported two strategies. Full-Document Read (FDR) sends
the entire article to a large-context language model. Retrieve-then-
Read (RTR) first selects sections that are likely to contain dataset
references and sends only those sections to the model. The second
strategy substantially reduces token usage, but its effectiveness
depends on the quality of retrieval.

In our previous evaluation, RTR matched full-document pro-
cessing on curated articles but lost recall on broader benchmarks
because the retrieval rules did not cover the diversity of real-world
citation practices [20]. This recall-cost tradeoff is a key obstacle to
scaling for large corpora.

For example, Data Gatherer is used in production to populate the
Datasets page of the CARDCatalog (https://alzheimersdatahub.org),
automatically surfacing dataset references across the Alzheimer’s
disease literature for researchers and funders. Sustaining this kind
of continuous, corpus-scale ingestion is exactly what motivates this
paper’s cost reductions.

This paper closes most of the recall gap between Retrieve-then-
Read and full-document processing by combining higher-recall
retrieval with a low-cost extraction model. We evaluate these en-
hancements on a held-out subset of DataRef-REV [21], which con-
tains 1,242 PubMed Central articles. We use two complementary
reference signals: curated links derived from GEO and ProteomeX-
change records and broader accession annotations from SciLite [31].

Our contributions are:

(1) Higher-recall retrieval for RTR.We add semantic sec-
tion ranking and regex anchoring against a repository reg-
istry to the retrieval step, substantially improving recall
over the rule-based retrieval used in [20] without resorting
to full-document processing.

(2) A fine-tuned, low-cost extraction model. We release
a training dataset and fine-tune Flan-T5-base for dataset
mention extraction, and show that its recall approaches
that of commercial LLMs at substantially lower inference
cost, though with lower precision.

(3) Evaluation on an expanded benchmark. We assess per-
formance on a held-out split of 249 DataRef-REV articles,
comparing against two reference signals that differ in cov-
erage and precision: GEO- and ProteomeXchange-derived
DataRef-REV identifiers, and the wider set of accession
numbers drawn from SciLite [31] text-mining annotations.

(4) Public release.Model weights, training data, the reposi-
tory registry, and fine-tuning and evaluation code are re-
leased as open source.

1https://academic.oup.com/nar

2 RELATEDWORK
Scholarly Document Processing. Over the last three decades,
several text-mining approaches have been developed for automated
information extraction and entity-relationship mapping. Most of
these methods targeted the biomedical literature [25] and biocura-
tion workflows [10]. The earliest attempts revolved around exact
string matching of keywords and metadata combined with Ma-
chine Learning models for Named Entity Recognition [15], whereas
more recent work leverages transformer architectures [4, 30] and
in-context learning. The better generalization capabilities of these
methods allowed researchers to extend scientific information ex-
traction beyond the biomedical domain into other fields. Zhang
et al. [35] introduced SciER, a collection of entities (datasets, meth-
ods, and tasks) and relations extracted from a corpus of ML papers
from Papers with Code2. Cheung et al. [2] presented PolyIE, target-
ing the same task applied to publications about polymer materials.
Xu et al. [33] developed an LLM-driven paper-dataset networking
system for publications on arXiv. Adjacent tasks face the same
underlying obstacle: heterogeneous mention styles make software
mention detection [5], the SOMD shared task [29], and fine-grained
citation field extraction [1] — which segments citation strings into
components such as title and authors — comparably difficult to
standardize. Despite the abundance of resources supporting Schol-
arly Document Processing research, the resource closest to our
evaluation setting is DataRef [21], which we extend and release
with this paper for use in our experimental evaluation (§5).
Methods for dataset mention identification. The initial framing
of this problem was binary classification of words, such that each
token was labeled as a dataset, concatenated to its neighboring
tokens with the same tag, and finally resolved to a URL contained in
the text [17]. In this context, Ghavimi et al. [6] combine tf-idf cosine
similarity scoring and dictionary-based matching to identify dataset
mentions and link them to existing registries, Zeng and Acuna [34]
use a bidirectional LSTM with a CRF inference layer for dataset
mention detection, and Kumar et al. [14] propose a BERT-based
recognizer with POS-aware embeddings and a two-stage pipeline
for sentence classification followed by mention extraction. Closest
in spirit to our system’s rule-based component is the Accession
Numbers Annotation pipeline [12], based on Whatizit [26], which
uses contextual cues and accession-pattern matching to annotate
Europe PMC articles; to our knowledge, it remains the most directly
comparable prior extraction system, despite predating modern NLP
techniques.

These methods share two limitations that motivate our approach.
First, the requirement of domain-specific training data limits trans-
ferability to other disciplines’ scientific documents. Second, rule-
and pattern-based methods such as Whatizit/Accession Number
Annotation pipeline generalize only as far as their hand-curated pat-
terns cover3 – exactly the recall ceiling we quantify for predefined-
section and regex-only retrieval in §5 and address by adding se-
mantic retrieval on top. Our retrieval step is, structurally, a domain-
specific retrieval-augmented generation (RAG) pipeline [16]: chunk-
ing, embedding, and top-𝑘 similarity ranking, combined with regex

2https://paperswithcode.co/
3https://github.com/EuropePMC/EuropePMC-Identifier-Extractor/blob/master/
automata/acc181210.mwt
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anchoring against a repository identifier registry to recovermatches
that similarity ranking alone misses.
Corpus-scale dataset citation tracking. A separate line of work
tracks dataset citations at the scale of bibliometric graphs rather
than per-article extraction. Microsoft Academic Graph conformed
dataset citations to "dataset paper" citations [32], a pattern inherited
by Web of Science, Scopus, and OpenAlex [24], whose cross-system
document-type inconsistencies [9, 18] further limit their use as a
reverse-engineered gold standard. DataCite-based efforts [7, 28]
and the resulting Data Citation Corpus [19] partially close this gap;
the corpus is compiled in part using SciBERT-based named entity
recognition [11], but the underlying extraction tooling is not made
publicly available. In contrast, our system is open source.

Finally, we fine-tune a small model (§4) to reduce commercial-API
inference cost. A more principled alternative is task-specific knowl-
edge distillation [22], which trains directly against the teacher’s
soft output distribution; we leave this for future work.

3 DATA GATHERER PIPELINE
Figure 1 illustrates the pipeline’s three processing paths — Retrieve-
then-Read (RTR), Full-Document-Read (FDR), and Full-Document-
Chunks (FDC) — and its four components: a Fetcher and Parser
(§3.1), the Retrievers (§3.2), the LLMClient (§3.3), and the Repository
Registry (§3.4). All paths share the Fetcher and Parser and diverge
at retrieval: FDR passes the full parsed document to a large-context
commercial API; FDC, used for limited-context models like the fine-
tuned T5, passes every chunk without a retrieval filter; RTR selects
a candidate pool of snippets as context for the LLM. All three paths
output a normalized dataset-mention record per match, detailed in
§3.3.

3.1 Fetcher and Parser
The Fetcher retrieves raw content for PMC article URLs via up to
three strategies, tried in priority order: a bulk NCBI Entrez API call
(structured XML), a lightweight HTTP GET, and a headless Sele-
nium WebDriver. Entrez XML is tried first; if it fails quality checks
(minimum section count, required section types), the fallbacks run
in order. HTTP GET is new to this paper — our prior implementa-
tion was based on Selenium alone. Since Selenium web-scraping
has grown unreliable as NCBI blocks automated browser traffic, we
store a fixed Parquet snapshot of the articles used in our evaluation
(§5) for stability.4 The Parser converts raw XML or HTML strings
into an element tree: XML documents are parsed with lxml under
either the JATS or TEI schema and HTML documents are processed
with BeautifulSoup.

3.2 Retrievers
Three retrieval methods contribute independently to the candidate
pool. Our previous version [20] used only predefined patterns: a list
of publisher- and layout-specific tags (e.g., selectors targeting "Data
Availability" and related blocks), configured in an external patterns
file5, adding all matched sections verbatim. Here, we introduce two
new retrieval strategies.

4https://zenodo.org/records/21389083
5https://github.com/VIDA-NYU/data-gatherer/blob/main/data_gatherer/config/
retrieval_patterns.json

Semantic retrieval. Each section is split into chunks that fit within
the token window of a sentence-transformer model [27] and gets
embedded (default: all-MiniLM-L6-v2, 256-token context win-
dow). Chunk embeddings are cached on disk to avoid recomputation
across runs. They are ranked based on their l2-distance with re-
spect to a fixed query (Figure 3) and the top-𝑘 snippets (default
𝑘 = 3) are added to the candidate pool. We set 𝑘 = 3 because an
average PMC article spans roughly 60K tokens (in HTML; fewer
in XML) against a 256-token context window, and a single top-1
chunk frequently missed portions of Data Availability statements
split across multiple chunks; 𝑘 = 3 balances recall against injecting
excess unrelated context into the LLM prompt.
Regex anchoring. The full text of the document is scanned with
regular expressions compiled from the id_pattern fields of the
repository registry (§3.4). Every section containing at least one
match is added to the candidate pool, ensuring that accession IDs
appearing in unexpected section types are not missed.

The union of the candidate sets produced by the three strategies
is passed as context to the LLM extraction step.

3.3 LLM Client
The LLM Client is a model-agnostic interface that sends the
extraction prompts assembled by the pipeline and parses the re-
sponses returned by the models. We support two types of backend.
The first is commercial APIs (Anthropic, OpenAI, Gemini, and
Portkey), for which provider-specific few-shot prompts6 request
structured JSON schema responses7. The second, introduced in
this paper, is a small open model that we fine-tune specifically
for this extraction task (Flan-T5-base; § 4), for which a plain-text
prompt is rendered and passed to the model directly, rather than
the few-shot, schema-constrained prompts used for the commercial
backends. Regardless of backend, normalized responses are tuples
(dataset_identifier, data_repository, dataset_webpage)
and are deduplicated before output. To ensure the reproducibility
of this stochastic inference step, we set the model temperature
parameter to 0.0, use response schemas, and prompts with role
definitions. Users may modify prompts and response schemas to
extract additional or different information about datasets.

3.4 Repository Registry
The Repository Registry8 is a curated JSON dictionary of biomed-
ical data repositories, keyed by either an internet domain (e.g.,
massive.ucsd.edu, www.ebi.ac.uk) or a short alias (e.g., geo, dbgap,
pdb). Each entry provides a human-readable repo_name and, when
available, a dataset_webpage_url_ptr template with an __ID__
placeholder, used post-hoc to construct and validate the dataset
page link once an extracted repository reference resolves to a
known entry — not every repository defines one. The id_pattern
attribute, defined for most entries, is used by the RegEx retriever
(§3.2) and validates extracted identifiers against the expected acces-
sion format. Other optional fields — download_root, access_mode,

6https://github.com/VIDA-NYU/data-gatherer/tree/main/data_gatherer/prompts/
prompt_templates/dataset_prompts
7https://github.com/VIDA-NYU/data-gatherer/blob/main/data_gatherer/llm/
response_schema.py
8https://github.com/VIDA-NYU/data-gatherer/blob/main/data_gatherer/config/
open_bio_data_repos.json
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and javascript_load_required — support optional downstream
processing such as dataset-page content load. Cross-entrymappings
(repo_root, repo_mapping) are used for repository resolution. The
Repository Registry is a controlled vocabulary [8] rather than a
formal ontology [23]: it supports pattern matching and URL tem-
plating, not class hierarchies or logical inference. It ships with the
system and is updated manually.

4 LOW-COST, OPEN-SOURCE LLM INFERENCE
Commercial LLMs incur per-token costs that scale with corpus size,
making continuous, large-scale extraction runs expensive (Table
2). As a low-cost alternative, we fine-tune Flan-T5-base [3], a small
open model (250M parameters); batched inference on a single GPU
(NVIDIA H100 NVL) avoids per-token API charges when run lo-
cally, making large-scale processing over PubMed Central practical.
Each training example consists of an input snippet and a target
JSON array of (dataset_identifier, repository_reference,
dataset_webpage) records.
Training data. We release a snippet-level training dataset built
from the same PMC article IDs as the 80% training split of DataRef-
REV [21]. The target dataset references were annotated using GPT-
4o-mini and subsequently reviewed by the authors before fine-
tuning9. It is publicly available on Hugging Face10.
Training procedure. Fine-tuning runs for 5 epochs on a single
GPU in bf16 precision, using standard seq2seq decoding with post-
hoc normalization and deduplication.11 Inputs are truncated to 512
tokens with the prefix “Extract dataset information: ”; outputs are
capped at 256 tokens. Checkpoints are selected by exact-match
accuracy on the held-out split rather than loss alone. We release
the fine-tuned model on Hugging Face12.
Grounding Check. During fine-tuning, we observed that some
model outputs did not regex-match any text in the source snip-
pet. To determine whether these outputs were unsupported by the
source text, we manually reviewed all the flagged outputs and re-
port a representative sample in Table 1. The examples show that
non-matches arise from (i) identifiers that are implicitly specified
via ranges or lists, (ii) formatting variants in the source text (e.g.,
whitespace/hyphenation), and (iii) genuinely unsupported outputs
such as placeholders or non-dataset identifiers.

5 EXPERIMENTAL EVALUATION
5.1 Setup
Dataset.We evaluate on the held-out 20% split of DataRef-REV [21],
comprising 249 PMC articles (random_state=42). The fine-tuning
data use the corresponding 80% training-set PMC IDs, but with
separately generated and reviewed snippet-level annotations.
Retrieval configurations. base—no semantic retrieval, no regex
anchoring (replicates the prior system and results); S3—semantic re-
trieval (𝑘=3), no regex anchoring; RegEx—regex flagging of section
snippets; RS3—regex anchoring and semantic retrieval.

9https://huggingface.co/datasets/vida-nyu/pmc-articles-dataset-mentions-
snippets/blob/main/Build_dedup_training_dataset.ipynb
10https://huggingface.co/datasets/vida-nyu/pmc-articles-dataset-mentions-snippets
11https://github.com/VIDA-NYU/data-gatherer/tree/main/scripts/Local_model_
finetuning
12https://huggingface.co/vida-nyu/flan-t5-base-dataref-info-extract

Table 1: Representative flagged examples (predicted identi-
fiers not matching any accession regex in the source snippet).

Predicted ID Snippet evidence (abridged)

GSM2816665 Data Availability ... “... series GSE105030 ... samples
GSM2816664 to GSM2816669.”

GSE41306 Data availability ... “... (GSE 41306) ... (GSE 217222) ... de-
posited ...”

E-MTAB-8556 Data availability ... “... accession number E-MTAB- 8556.”
GSExxxxxx Data and code availability ... “... deposited at

ncbi.nlm.nih.gov/geo/ ...”
Yin et al.
dataset

Materials and methods ... “... data sets were downloaded ...
the Yin et al ...”

No.
2021YFA1301601

Funding ... “... (2021YFA1302604 and 2021YFA1301601) ...”

MsigDB v7.0 Methods ... “... Molecular Signatures Database (MsigDB) v7.0
...”

Ground truths. SciLite [31]: automatically derived Europe PMC
text-mining annotations [26], filtered to remove non-data subtypes
(GO terms, RefSNP, etc.).Gold GT: 388 paper–dataset links, reverse-
engineered from ProteomeXchange and GEO database entries cited
across the 249 test articles.
Metrics.Macro-averaged precision (P), recall (R), and F1 per arti-
cle [20]. For analysis of model reliability, we additionally use the
anchoring audit (§4) to characterize non-grounded outputs.

5.2 Results
Table 4 reports precision, recall, and F1 for all model–configurations
on the 249-article held-out test set. Figure 2 summarizes the recall
on the Gold benchmark across retrieval configurations and models
paired with cost, as shown in Table 2.

Figure 2: Cost (in US$) and Recall performance on the Gold
benchmark, by model and pipeline configuration.

5.2.1 Can RTR be high-recall without full-document LLMs? Across
all four models, the recall increases monotonically from base to
S3 to RS3 on both benchmarks. For Flan-T5, Gold-GT recall rises
from 0.537 (base) to 0.883 (S3) to 0.979 (RS3); SciLite recall follows

https://huggingface.co/datasets/vida-nyu/pmc-articles-dataset-mentions-snippets/blob/main/Build_dedup_training_dataset.ipynb
https://huggingface.co/datasets/vida-nyu/pmc-articles-dataset-mentions-snippets/blob/main/Build_dedup_training_dataset.ipynb
https://huggingface.co/datasets/vida-nyu/pmc-articles-dataset-mentions-snippets
https://github.com/VIDA-NYU/data-gatherer/tree/main/scripts/Local_model_finetuning
https://github.com/VIDA-NYU/data-gatherer/tree/main/scripts/Local_model_finetuning
https://huggingface.co/vida-nyu/flan-t5-base-dataref-info-extract


the same shape (0.313→ 0.577→ 0.658). Commercial models show
the same pattern at a higher absolute level – for Gemini-3.5-flash,
Gold-GT recall rises from 0.569 (base) to 0.939 (S3) to 1.000 (RS3) –
and GPT-5-mini and Claude-Haiku-4.5 follow the same base < S3
< RS3 ordering on both benchmarks.

To isolate the contribution of regex anchoring from semantic
retrieval, we also ran each model with regex flagging alone (RegEx),
without semantic retrieval. RS3’s recall matches or exceeds RegEx’s
for every model on both ground truths (Gold: 0.000–0.016 higher;
SciLite: 0.013–0.058 higher; Table 5) – confirming that semantic re-
trieval was not recall-negative in any evaluated model–benchmark
combination, and recovers additional true positives on SciLite’s
broader accession taxonomy. One possible explanation is that se-
mantic retrieval captures mentions with formatting variants or
without exact matches to any repository registry id_pattern, as
illustrated by some cases in §4.

RS3’s recall also compares favorably to the full-document config-
urations (FDR for the commercial models, FDC for Flan-T5), which
read the entire article rather than a small set of retrieved snippets.
On Gold GT, RS3 matches or exceeds FDR/FDC for every model.
On SciLite GT, RS3 exceeds FDR for Claude-Haiku-4.5 (0.693 vs.
0.661) and Gemini-3.5-flash (0.680 vs. 0.641), and trails moderately
for Flan-T5 (0.658 vs. 0.758) and GPT-5-mini (0.653 vs. 0.679).

These results confirm that the recall losses previously observed
for RTR are primarily driven by missed evidence in retrieval, and
that combining regex anchoring with semantic retrieval closes
most of this gap – recovering recall comparable to reading the full
document, at a fraction of the context cost, for most model/ground-
truth combinations.

5.2.2 Can a fine-tuned small model compete with commercial APIs?
At RS3, Flan-T5’s recall is comparable to the three commercial
models on both ground truths: Gold-GT recall of 0.979, versus 1.000
for GPT-5-mini, Claude-Haiku-4.5, and Gemini-3.5-flash; SciLite
recall of 0.658, within the 0.653–0.693 band spanned by the three
commercial models. Flan-T5 reaches this recall at a fraction of the
cost: $0.0021 per 249-article run at RS3, versus $0.69 (GPT-5-mini),
$2.09 (Claude-Haiku-4.5), and $2.76 (Gemini-3.5-flash) (Table 2) – a
330× to 1,300× cost reduction for comparable recall.

Precision is lower under RS3 than under the regex-only ablation
(RegEx) for every model, which is expected: semantic retrieval is
designed to surface snippets the regex anchor does not match –
typically the harder, less formally stated citations – and some of
that additional retrieved context can yield additional false positives.
This effect is most visible on SciLite, whose broader accession taxon-
omy contains more such informally stated cases, and comparatively
muted on Gold GT, whose 388 curated links are drawn from GEO
and ProteomeXchange entries with well-defined accession formats
and few hard cases. We therefore do not treat the RS3-vs-RegEx pre-
cision gap as a deficiency of semantic retrieval, but as the expected
cost of the additional recall it is designed to recover.

Flan-T5 makes recall at this scale affordable, matching
commercial-model recall within a few points on both ground
truths.

5.3 Estimated Costs
Table 2 shows the costs of eachmodel. The commercial API costs are
based on the number of tokens (as presented in Table 3) multiplied
by the corresponding provider rates. For the T5 model running
locally, we used the electricity-only cost – estimated as the running
time from the logs times the mean GPU energy consumption in
Wh times $0.17/kWh – but the actual cost of renting it from a cloud
provider for that time would lead to higher costs.

Table 2: Estimated inference cost (USD) per model and con-
figuration, evaluated on the 249-article REV test set.

Model Base S3 RS3 FDR/FDC

Flan-T5 (fine-tuned) $0.0009 $0.0020 $0.0021 $0.0088
GPT-5-mini $0.56 $0.70 $0.69 $4.80
Claude-Haiku-4.5 $1.67 $2.09 $2.09 $17.71
Gemini-3.5-flash $2.26 $2.79 $2.76 $15.90

Table 3: Commercial APIs token usage and Flan-T5 GPU
energy draw per configuration (249 articles).

Usage Metric Base S3 RS3 FDR/FDC

LLM input tokens 710,153 925,728 949,831 15,208,537
LLM output tokens 191,431 232,797 227,489 499,457
Flan-T5 electricity (Wh) 5.14 11.93 12.28 52.04
Flan-T5 running time (s) 111.2 219.3 228.1 728.7

6 DISCUSSION
These results confirm that high recall at low cost is achievable
without full-document processing; the remaining limitations point
to natural next steps.

6.1 Limitations
Regex patterns require maintenance as repository formats evolve.
Coverage remains bounded by the registry; SciLite can be used as a
scalable signal to identify missing repository patterns and prioritize
registry enrichment. Regarding post-hoc verification of extracted
identifiers: the registry’s id_pattern field already serves this role
– every prediction is checked against its repository’s expected ac-
cession format, and non-matches are flagged for review rather than
silently accepted.

6.2 Future Work
We plan to expand the registry automatically via an iterative en-
richment loop: each iteration re-runs the extraction pipeline over
the corpus in parallel across GPUs, groups previously unmatched
identifier mentions, and prompts an LLM agent to propose new
registry entries (repository name and regex pattern), which are
accepted only if they pass an empirical coverage/false-match check
against the extracted data.13

13Implemented but not yet run to convergence: https://github.com/VIDA-NYU/data-
gatherer/blob/main/scripts/enrich_ontology.py
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APPENDIX

Figure 3: Fixed query used for semantic snippet retrieval.

Data Availability Statement or mentions of dataset
repositories/portals, identifiers, or accession codes, including
PRIDE, ProteomeXchange, MassIVE, iProX, JPOST, Proteomic Data
Commons (PDC), Genomic Data Commons (GDC), Cancer Imaging Archive
(TCIA), Imaging Data Commons (IDC), Gene Expression Omnibus (GEO),
ArrayExpress, dbGaP, Sequence Read Archive (SRA), Protein Data Bank
(PDB), Mendeley Data, Synapse, European Genome-Phenome Archive
(EGA), BIGD, and ProteomeCentral.

Also include dataset identifiers or links such as PXD, MSV, GSE,
GSM, GPL, GDS, phs, syn, PDC, PRJNA, DOI, or accession code.

Look for phrases like deposited in, available at, submitted to,
uploaded to, archived in, hosted by, retrieved from, accessible
via, or publicly available.

Capture statements indicating datasets, repositories, or data
access locations.

Table 4: Precision (P), recall (R), and F1 against the two bench-
marks, by model and run-configs, on the 249-PMCID test set.

SciLite GT Gold GT

Model Config P R F1 P R F1

Flan-T5-ft

base .186 .313 .233 .349 .537 .423
S3 .317 .577 .409 .431 .883 .580
RS3 .336 .658 .445 .444 .979 .611
FDC .233 .758 .357 .225 .979 .366
RegEx .349 .635 .450 .511 .979 .671

Claude-Haiku-4.5

base .266 .319 .290 .488 .569 .525
S3 .200 .634 .305 .224 .939 .362
RS3 .211 .693 .324 .230 1.000 .374
FDR .642 .661 .651 .837 .999 .911
RegEx .643 .635 .639 .856 .996 .921

GPT-5-mini

base .276 .319 .295 .483 .569 .522
S3 .516 .600 .555 .703 .939 .804
RS3 .540 .653 .591 .717 1.000 .835
FDR .483 .679 .564 .609 .968 .748
RegEx .588 .640 .613 .798 1.000 .888

Gemini-3.5-flash

base .283 .319 .300 .491 .569 .527
S3 .511 .622 .561 .643 .939 .764
RS3 .530 .680 .596 .652 1.000 .789
FDR .646 .641 .643 .863 .999 .926
RegEx .629 .628 .628 .843 .984 .908

Table 5: Recall delta between RS3 and the regex-only (RegEx).
Positive values indicate RS3 is recall-positive w.r.t RegEx.

Gold GT – Recall SciLite GT – Recall

Model RS3 RegEx Δ RS3 RegEx Δ

Flan-T5-ft .979 .979 0.000 .658 .635 +0.023
Claude-Haiku-4.5 1.000 .996 +0.004 .693 .635 +0.058
GPT-5-mini 1.000 1.000 0.000 .653 .640 +0.013
Gemini-3.5-flash 1.000 .984 +0.016 .680 .628 +0.052

https://alzheimersdatahub.org/
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