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Abstract

Computational methods and software are dispersed across a literature that is increasingly difficult to
review manually, while curated registries capture only a subset of available resources. We present
PaperAtlas, an automatically constructed atlas derived from the PubMed Central open-access corpus. Of
6,446,741 abstracts screened, 1,074,191 were classified as computational, with schema-valid records
extracted for 1,074,140. Among these, 267,893 papers describing an algorithm, software package or web
server formed 1,438 clusters, with 1,000 retained after restriction to parent-level biomedical categories.
In 296 clusters linked to at least five bio.tools entries, the mean concentration of the most frequent
EDAM topic was 61.7%, compared with 26.4% under permutation. Of 31,180 distinct software and web-
server names, 61.0% lacked a strict match in bio.tools, PyPI, CRAN, Bioconductor or Bioconda. Among
12,207 bio.tools entries with defining papers in the corpus, 56.6% were recovered end to end, increasing
to 83.6% among the 8,265 entries whose defining publication entered the atlas. PaperAtlas is fully open
source and available as a web server at bhargavaresearch.org/paperatlas.

Introduction

Computational methods are integral to most areas of biological research, and they are published at an
increasing rate, which makes them harder to collect and organize (Bornmann et al., 2021). Methods are
scattered across subfields, named inconsistently, and often reported in papers whose title presents only
a biological result. Retrieval systems, from lexical whole-MEDLINE ranking (Fontaine et al., 2009) to
machine-learning recommenders (Allot et al., 2021), rank papers by relevance to a query.

A parallel effort extracts software from the literature, motivated by the finding that only 31-43% of
software mentions carry a formal citation (Howison & Bullard, 2016). Softcite supplied a machine-
learning-ready collection (Du et al., 2021), SoftwareKG extended extraction to more than 3 million
PubMed Central (PMC) articles (Schindler et al., 2022), and the largest effort spans roughly 20 million
papers (Istrate et al., 2022). A survey of 713,634 PMC full texts found 70% of resource names mentioned
exactly once (Duck et al., 2016). On the curation side, bio.tools is hand-curated (Ison et al., 2019) and
FAIRsoft aggregates 43,987 software instances across eleven sources (Martin del Pico et al., 2024).
Such extractions are used to identify under-recognized packages (Brown et al., 2026), and related
resources annotate the literature at comparable scale (Wei et al., 2024). Registry coverage has been
estimated within individual subfields, such as synthetic biology (Cai et al., 2023). In contrast to mention
extraction, PaperAtlas is an effort to use large language models (LLMs) to identify papers in which
computation is itself a contribution, extract the artifact each contributes and organize these
contributions into navigable topics.

We built PaperAtlas to organize the computational contributions of the open-access literature and to ask
the following questions (Fig. 1). What computational methods and software are introduced in the
literature and how are they distributed across topics? Among contributions of the kind a software
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registry can hold, how often do they match registry records, and how many registered tools does an
automated LLM pipeline recover?

Materials and methods
Corpus acquisition

We parsed 7,283,594 articles from the PMC bulk Journal Article Tag Suite (JATS) XML distribution
(National Information Standards Organization, 2024; Sayers et al., 2026). Each record retained identifiers,
bibliographic metadata, sectioned abstract and body text, and figure and table captions. Of these,
6,446,741 had both a title and an abstract and were screened, and the subset excludes methods
published only in subscription journals.

Model and encoder selection

Screening and extraction both used Qwen2.5-Instruct checkpoints (Qwen Team, 2024). The model family
was chosen as it is openly licensed, released from 3B to 32B parameters and supports the constrained
decoding that the screening labels and the extraction schema require. Screening, which reads one
abstract and emits one token, used the 32B checkpoint; extraction, which reads a longer window and
writes a structured record for every paper in scope, used the 7B checkpoint. Papers were embedded for
clustering with bge-base-en-v1.5 (Xiao et al., 2024), a 768-dimensional sentence encoder and smaller
than the other two encoders we compared under identical data splits and an identical classification
head, bge-large-en-v1.5 and e5-large-v2 (Wang et al., 2022). Table S9 reports both comparisons, across
the four model scales and across the three encoders.

Abstract screening

Screening decides which papers enter the atlas, and so we designated a paper as in scope when
computation is a central scientific result, including algorithm and model development, software and
resource papers, and benchmarking studies. Each abstract was assigned to this computational class or
to a primarily experimental class which included experimental, clinical and epidemiological work and
reviews in which computation is routine statistical analysis; survival, risk-factor and regression analyses
of clinical records, a recurring ambiguous case, have an explicit rule in the prompt. Screening used
Qwen2.5-32B-Instruct served with vLLM (Kwon et al., 2023) in bfloat16 at temperature 0, with decoding
restricted to the tokens spelling the two labels (Geng et al., 2023; Willard & Louf, 2023). The prompt is
reproduced in Table S1.

Structured extraction

Papers classified as computational underwent further extraction with Qwen2.5-7B-Instruct at
temperature 0, using guided JSON decoding against a strict schema (Willard & Louf, 2023). Each prompt
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included the title, the abstract up to 1,600 characters and the first 2,296 tokens of the body, which was
shorter than the full body for 1,014,058 records (94.40%). Each record gives a ten-way artifact type, the
artifact name, biological questions, related tools, databases used and a one-sentence summary (Table
S2). The prompt frames every paper as biomedical, including those later excluded by the biomedical
restriction.

Compiling the atlas & restriction to biomedical topics

To compile the atlas, we clustered all 267,893 papers of the three artifact types that describe a method
or software: new algorithms (215,061), software packages (42,455) and web servers (10,377), here
called tool-type papers. These include 54,205 papers without a recovered artifact name, since clustering
does not require one. We excluded the model class, since only 20.8% of its 290,327 papers name the
model they contribute, against 79.8% for the included types, and 43.7% address a clinical prediction
question, against 20.4%. Database and pipeline papers, which release data or assemble existing tools,
were not clustered; their registry matching is reported separately (Table S12).

Each paper’s title, summary and biological questions were embedded with bge-base and L2-normalized,
reduced with uniform manifold approximation and projection (UMAP) (Mcinnes et al., 2018) to five
components (15 neighbors, minimum distance 0, cosine, seed 42), and clustered with hierarchical
density-based spatial clustering of applications with noise (HDBSCAN) (Campello et al., 2013; Mclnnes
et al., 2017) in scikit-learn (Pedregosa et al., 2011) at minimum cluster size 20, minimum samples 5 and
excess-of-mass selection. Papers that HDBSCAN left unassigned were placed in the nearest cluster
when their cosine similarity to its centroid reached 0.80, and were left unassigned otherwise. We set that
threshold by hand at the eighth percentile of the similarity between clustered papers and their own
centroid, so a paper joins a cluster only if it sits about as close to it as the least typical papers already
there (Table S13). Cluster keywords were derived by class-based term frequency-inverse document
frequency (TF-IDF) (Grootendorst, 2022) and cluster names generated by Qwen2.5-7B-Instruct from the
keywords and representative titles. Parent topics were obtained by average-linkage agglomeration of
cluster centroids, cut at the prespecified number of parents that maximized centroid silhouette (Table
S13).

This corpus included engineering, physics and computer-science articles, because screening did not
attempt to constrain the publication’s domain. Qwen3-8B (Yang et al., 2025) classified each cluster as
biomedical or non-biomedical from its label, keywords and twelve representative titles, and a parent
topic was retained when more than half of its papers lay in clusters classified as biomedical.

Validation of the categories

Three properties of the partition were measured: geometric separation, how far apart the clusters lie in
the embedding, measured by cosine silhouette (Rousseeuw, 1987) on 12,000 points and by density-
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based clustering validation (DBCV) (Moulavi et al., 2014) on 10,000 papers. Semantic coherence,
whether a cluster’s keywords belong together, was measured by a 200-trial word-intrusion test (Chang et
al., 2009) against a chance rate of 0.20. Agreement with an independent labeler was measured against a
separate language model’s labels for 1,500 papers, by adjusted mutual information (AMI) (Vinh et al.,
2010), adjusted Rand index (Hubert & Arabie, 1985) and raw agreement. Stability was assessed by
repeating the clustering with other UMAP seeds and settings, other HDBSCAN parameters and without
papers lacking a recovered artifact name, comparing each repetition with the reference partition by AMI
and by the number of retained clusters overlapping at Jaccard 0.5 or above (Hennig, 2007); each
cluster's median overlap across seeds is its released stability score (Table S13).

External validation used curated annotations: for each atlas paper that is the defining publication of a
bio.tools entry, identity-resolved as described below, we took the topics and operations of the EDAM
ontology of bioinformatics concepts (Ison et al., 2013) that curators assigned to that entry. The primary
analysis used entries that are the only entry of their publication, to avoid dependence between entries of
one paper; a sensitivity analysis used all linked entries and permuted publications as blocks. For a
cluster c with entry set FE, the concentration of curated annotation is the share of its entries carrying
the term ¢ that is most frequent within it,

m;ax|{e€ E.:te T(e)}

conc (¢) = :
|Eel

where T (e) is the set of terms curators assigned to entry e. Clusters with at least five entries were
evaluated. In each of 1,000 permutations, cluster labels were shuffled among entries and each cluster’s
most frequent term recomputed; with b permutations reaching the observed value,

14+

P=To001"

Qwen2.5-32B-Instruct was given the title, abstract and extracted fields of 300 random papers. Its
agreement with the extracted artifact type was 84.3% and with the artifact name 94.9%, a consistency
check of the small models and not a measure of accuracy (Table S6).

In a human audit, one annotator labeled stratified random samples of 228 items for four tasks,
screening, artifact type and name against the full article, unmatched names and name matches, without
seeing the screening class or the extracted type. Estimates weight each stratum by its population, with
95% intervals from 2,000 bootstrap resamples within strata; unclear labels were excluded from the
estimate and reported as bounds (Table S16).

Registry comparison

To assess how the extracted software names relate to existing curated resources, we compared them
against established software registries and package ecosystems. Extracted names passed two heuristic
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filters intended to remove likely non-names: one for names composed entirely of platform, method and
container words, and one for multi-token candidates containing neither a capital letter nor a digit (Table
S4). Names were also compared with bio.tools (Ison et al., 2019), a curated life-science software
registry, and separately with four package ecosystems: PyPI (https://pypi.org), CRAN (https://cran.r-
project.org), Bioconductor (Huber et al., 2015) and Bioconda (Griining et al., 2018). A strict match
requires equality after folding case, punctuation and trailing version tokens, or a match of a parenthetical
acronym, and all five were retrieved in September 2026 (Table S11).

Strict matching uses registry names alone, whereas an identity-resolved match to a bio.tools entry also
uses the entry’s publications and links. A match was accepted if the names matched strictly, if the
extracted paper was a defining publication for the entry and the names or reported URLs agreed, or if
both the URL and name form matched. Name and URL matching rules are defined in Table S12.

Registry matching is reported by artifact type, publication year and parent topic, and papers classified as
software packages or web servers form the core software subset, chosen for specificity; the subset is
defined by the model’s artifact types, so its denominator inherits artifact-classification error. A sensitivity
analysis also included all artifact types considered registrable in bio.tools (Table S12). New algorithms
are reported in two groups: those whose paper gives a repository or package link, and those whose
paper gives none.

Recall against bio.tools

The reference set was derived exclusively from bio.tools, where an entry’s defining publications were
taken as its Primary publications or, when none were available, its untyped publications, resolved to the
corpus by PubMed Central identifier (PMCID), PubMed identifier (PMID) or digital object identifier (DOI)
using the PMC ID Converter. Each entry was evaluated using a single defining publication selected a
priori: the earliest defining publication represented in the corpus. The principal analysis set, the software
subset, comprises entries carrying a tool type other than Database portal and Ontology. An entry counts
as recovered when the name extracted from its selected defining publication matches the entry’s registry
name, so recall over a set R of entries is

{7 € R:rrecovered }|
R '

recall (R) =

End-to-end recall takes R to be all 12,207 entries of the software subset, so an entry is a loss whenever
its paper was screened as experimental, was extracted as a type that is not clustered, was left
unassigned by HDBSCAN, fell outside a retained parent topic, yielded no usable name, or yielded a name
that did not match. Recall conditional on entry into the atlas restricts R to entries whose defining
publication reached the retained atlas, thereby excluding upstream losses from the denominator and
isolating name-matching performance. Recall estimates are reported with Wilson 95% confidence
intervals (ClI) (Wilson, 1927) and stratified by publication year, tool type, whether the name appears in the
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title or abstract, and code-link detection. For extraction-level recall, we included all artifact types
designated as registrable in the Table S12 crosswalk (new algorithms, software packages, web servers,
databases, pipelines and models), without applying clustering or topic restrictions, and this set was
specified before any entry was evaluated.

Retrieval layer and structured store

The retrieval layer, which was not used in the primary analyses, indexes the 1,074,191 papers classified
as computational as 30,913,457 passages embedded with Qwen3-Embedding-0.6B (Zhang et al., 2025),
fusing BM25 (Robertson & Zaragoza, 2009) and dense retrieval by reciprocal rank fusion (Cormack et al.,
2009) with cross-encoder reranking (Chen et al., 2024). In a known-item retrieval benchmark using the
curated descriptions of 300 bio.tools tools with names masked, it ranked the defining paper first for
82.7% of queries and in the top ten for 93.7% (Table S15). Alongside the index, a columnar store
(Raasveldt & Miihleisen, 2019) holds the papers, 41,890,329 parsed reference entries, dataset
accessions detected by 22 identifier patterns, and code links to eight hosts normalized to one repository,
project, record or package identity (Tables S8 and S15). The deployed resource also assigns newly
indexed bioRxiv (Sever et al., 2019) and arXiv preprints to their nearest cluster above a manually set
threshold, holding the rest as emerging; this is not evaluated here (Table S15).

Language models and Al assistance

All models were used as released: Qwen2.5-32B-Instruct for abstract screening and for the extraction
consistency check, Qwen2.5-7B-Instruct for structured extraction and cluster naming, Qwen3-8B for
classifying clusters as biomedical, bge-base for the clustering embeddings and Qwen3-Embedding-0.6B
for the passage index. Every prompt is reproduced in the supplementary material.

During the preparation of this work the authors used OpenAl ChatGPT (GPT-5) to improve the grammar
and readability of the manuscript. After using these tools, the authors reviewed and edited the content
as needed and take full responsibility for the content of the published article.

Results

Corpus and screening

Of 7,283,594 parsed articles, 6,446,741 had a title and an abstract, and the screen classified 1,074,191
(16.66%) as computational, 5,371,134 (83.32%) as experimental and 1,416 (0.022%) with no valid label
(Table 1, Fig. 1b, 1d). The share classified as computational rose from 13.5% of papers published in 2012
t0 20.0% in 2025 (Table S10).
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Table 1
Corpus acquisition, screening and extraction

Stage Count % of previous
PMC full-text articles parsed 7,283,594 —

Records with title and abstract (screened) 6,446,741  88.51
Screened computational 1,074,191 16.66

No valid screening label 1,416 0.022
Schema-valid extraction 1,074,140  99.995
Named artifact recovered 316,138 29.43
Tool-type papers clustered 267,893 —

Assigned to a cluster 227,771 85.0
Retained after biomedical restriction 165,432 72.6

Structured extraction

Analysis-only studies formed the largest artifact type at 28.19%, followed by models at 27.03% and new
algorithms at 20.02% (Fig. S1a, Table S10), and a named artifact was recovered for 316,138 papers
(29.43%). In 1,000 randomly drawn papers extracted again with body text up to the model’'s 32,768-token
context limit, the longer window held the whole body for 985. Artifact type agreed between fixed-window
and long-context extraction for 73.7% of papers, against 97.3% between two repeated fixed-window
extractions, and names agreed for 74.4% of papers named in both. Long-context extraction gave a name
for 48.1% of papers against 30.2%, and a tool type for 30.6% against 25.5%. Which window is more
accurate was not measured, so these counts are specific to the production window (Table S14).

The atlas and its validation

Clustering the 267,893 tool-type papers yielded 1,438 clusters under 12 parent topics, with 40,122
papers (15.0%) unassigned. The parent-level restriction retained five parents, 1,000 clusters and 165,432
papers, listed with their labels, sizes and keywords in Tables S3 and S5 (Fig. 2a, 2b).

The three measures capture different properties of the partition: the cosine silhouette was - 0.0033
between clusters and 0.118 between parent topics, while DBCV was negative for the reference partition
and every variant, indicating that the papers do not form sharply separated geometric clusters under this
representation; the clusters partition them for navigation. Word-intrusion accuracy was 0.875, consistent
with coherent within-cluster keywords, and agreement with the language-model annotator was modest,
at 0.282 AMI, 0.235 adjusted Rand index and 57.5% raw agreement (Fig. 2d).

Repeating UMAP with five additional random seeds produced 1,435-1,486 clusters, with AMI values of
0.78-0.79 relative to the reference partition. Among retained clusters, 72.2% had a stability score of at
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least 0.5. Changing the HDBSCAN parameters had a larger effect on the number of clusters, which
ranged from 747 to 2,867. We also repeated the clustering after removing papers for which no artifact
name was recovered, and 547 retained clusters still overlapped their original counterparts at Jaccard
similarity 0.5 or above, showing that excluding these papers changes the resulting partition. Across
reassignment thresholds, the proportion of unmatched core names remained nearly unchanged at 60.8-
61.4%, whereas overall recall of bio.tools entries varied more substantially, from 30.6% to 65.8%, because
this measure includes failures at every stage of the pipeline. Restricted to bio.tools entries whose
defining papers entered the atlas, recall rose to 82.8—-84.0% (Table S13).

We also compared alternative embedding models, input representations and dimensionality-reduction
strategies using 15,000 tool-type papers, of which 7,334 had curated EDAM topic annotations. When
UMAP was used for dimensionality reduction, EDAM topic concentration was similar across bge-base,
bge-large and e5-large, ranging from 0.61 to 0.66. In contrast, applying HDBSCAN to principal
components or directly to the unreduced embeddings produced only 2-7 clusters, indicating that these
representations did not yield a useful partition at this scale. We also compared the text used to represent
each paper, and a title-and-abstract representation produced more topic-coherent local neighborhoods
than the atlas representation based on title, summary and biological questions: 62.9% of nearest linked
neighbors shared a curated EDAM topic, compared with 58.2% for the atlas representation (Table S13).
The atlas representation had been specified and fixed before these comparisons, and choosing a
different representation afterward based on agreement with EDAM topics would effectively optimize the
atlas against the same bio.tools annotations later used for validation. We therefore treated these
comparisons as sensitivity analyses rather than using them to select the final representation post hoc.

We next asked whether papers grouped into the same atlas clusters also shared independently curated
biological annotations. This analysis included 7,261 bio.tools entries, restricted to publications
associated with a single bio.tools entry, that mapped to 296 retained clusters containing at least five
linked entries each. Within these clusters, the most common EDAM topic was shared by an average of
61.7% of entries, with a per-cluster median of 60.0% and an interquartile range of 48.0-77.0%. Under
random permutation, the corresponding concentration was only 26.4% (p = 0.001, the smallest attainable
value). The most common EDAM operation similarly accounted for 42.4% of entries within clusters,
compared with 18.8% under permutation (Fig. 2c). These results were essentially unchanged under
stricter linkage criteria or when all 7,584 linked entries were included and publications, rather than
individual entries, were permuted. This validation could only be performed for a subset of the atlas: the
remaining 704 retained clusters were smaller and more recent, and 69.6% of their papers concerned
biomedical image and signal processing, compared with 13.2% in the evaluated clusters. The observed
annotation coherence should therefore be interpreted as evidence for the evaluated subset rather than
for all retained clusters.

Finally, we tested whether the biomedical filtering strategy affected the atlas. The overall number of
retained papers was relatively stable across filtering approaches, although the classification of individual
clusters was not. Because the primary rule retains entire parent topics, 13.3% of retained papers
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belonged to clusters that the separate cluster-level classifier labeled non-biomedical, and the cluster-
level classifications agreed with the parent-level rule for 1,152 of the 1,438 clusters. Despite these
differences, downstream name-matching results changed little: the proportion of unmatched extracted
name strings ranged from 75.1% to 77.0% across filtering strategies, and strict bio.tools recall was
similar, at 56.2% when the cluster-level classifications were used and 57.3% when no biomedical
restriction was applied (Table S13). The choice of biomedical filtering rule therefore affected which
individual clusters were retained but had relatively little effect on the aggregate name-matching and
recall results.

Artifact names contributed by the literature

The retained atlas contains 121,844 distinct artifact name strings identified across 129,169 naming
events. Most names were reported only once, with 95.8% contributed by a single paper. By artifact type,
92,110 distinct names were associated with new algorithms, 25,241 with software packages and 6,179
with web servers (Table 2).

Table 2

Registry matches for 121,844 distinct artifact names, by artifact type. Values are row percentages. S,
strict name matching; I, identity resolution using publication and URL evidence; Packages, PyPI, CRAN,
Bioconductor or Bioconda; None, no registry match. Code links are repository or package URLs reported

in the paper

Name strings from Names bio.tools bio.tools  Packages None None
S I S I

Software packages and web 31,180 27.7 29.3 23.5 61.0 59.6
servers (core subset)
Software packages 25,241 25.9 27.2 25.6 61.7 60.6
Web servers 6,179 37.0 39.7 16.2 56.4 53.9
New algorithms, code link 14,491 16.5 17.7 23.7 69.3 68.3
detected
New algorithms, link named as 6,199 26.2 27.8 30.9 56.8 55.5
the method
New algorithms, no software 78,508 6.7 6.8 14.5 83.2 83.1
evidence detected
All tool types 121,844 12.4 13.0 17.0 77.0 76.4

Registry matching in the core software subset

Of 31,180 distinct names extracted from software-package or web-server papers, 61.0% had no strict
match in any of the five registries, and 59.6% remained unmatched after identity resolution. bio.tools
alone matched 29.3% after identity resolution (Table 2, Fig. 3a). Among new algorithms with a detected
code link, 69.3% were unmatched, and this fell to 56.8% when the linked repository or package included
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the method name. New algorithms with no software evidence detected were unmatched at 83.2%, and
our evidence does not establish their eligibility for a software registry.

The unmatched share increased with publication year in the core subset, from 53.5% for names
introduced before 2011 to 66.7% for names introduced from 2022 onward, with values for 2011-2021
ranging from 55.6% to 60.1%. The higher share among the newest names is consistent with registration
lag, although a cross-sectional comparison with snapshots from a single month cannot separate lag
from cohort and field effects. By parent topic it was 48.1% for biological data analysis and 75.6% for
biomedical image and signal processing, where bio.tools matched 12.4% of core names (Table S12).

Across all 121,844 atlas names, 77.0% were unmatched by strict matching and 76.4% after identity
resolution. Across the alternative restrictions, name filters and inclusion rules in Table S4, the
unmatched share ranged from 75.1% to 81.0%. Nearly two thirds of these names came from algorithms
with no software evidence detected, so the all-name figure is not an estimate of registry coverage.
Unmatched names should not automatically be interpreted as unregistered software: in a previous large-
scale extraction study, only 69.66% of the 10,000 most frequent extracted mentions were confirmed as
software by manual curation, despite a cross-validated F1 of 0.92 (Istrate et al., 2022), and other
software-mention datasets likewise contain substantial fractions of non-software entities (Druskat et al.,
2024) (Table S16).

Of 34,232 bio.tools entries, 16,475 had a defining paper in the screened corpus. Another 11,044 cited
papers outside PMC, and 2,738 cited PMC papers outside the open-access subset. Entries whose papers
were outside PMC were more often command-line tools (38.4% against 25.8% among included entries)
or libraries (24.2% against 15.4%), so the evaluated reference set is not representative of all bio.tools
entries and is enriched for web applications and more established software (Table S11).

Strict matching recovered 56.6% of the 12,207 entries in the software subset (95% ClI 55.7-57.5), and
among the 3,349 entries with a Primary publication recall was 54.3% (95% Cl 52.6—-55.9; Table 3).
Identity resolution increased these estimates to 62.1% and 60.3% respectively, but because the 674
additional matches it introduced were not manually validated, we use strict-match recall as the primary
estimate. The largest losses were papers extracted as an artifact type that is not clustered (16.5%),
principally databases, models and pipelines, and papers left unassigned by HDBSCAN (14.2%; Fig. 3b),
so end-to-end recall reflects both extraction performance and the atlas inclusion criteria. Recall differed
most strongly according to whether the registry name appeared in the defining paper’s title or abstract:
strict-match recall was 61.6% for the 10,883 entries whose names appeared there, compared with 15.4%
for the 1,316 entries whose names did not, and among the latter group 41.7% were lost specifically at the
name-matching stage. Differences by code-link detection, tool type and publication year were smaller
(Table S11). Of the 8,265 entries whose paper entered the atlas, 83.6% were recovered by strict matching
(Table 3).
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Table 3

Recall for the 12,207 bio.tools entries in the software subset, defined as entries with a
qualifying tool type and a defining paper in the screened corpus. Compatible types are new
algorithms, software packages, web servers, databases, pipelines and models. Rows use
different denominators: the first row includes the full software subset, whereas entries whose
paper entered the atlas are conditional on successful completion of the preceding pipeline
stages. Intervals are Wilson 95% confidence intervals. Stage-specific losses are shown in
Fig. 3b, with additional analyses in Table S11

Measure n Strict Identity-resolved
Entries recovered 12,207 56.6(55.7-57.5) 62.1(61.3-63.0)
Entries with a Primary publication 3,349 54.3 (52.6-55.9) 60.3(58.7-62.0)
Entries from single-entry publications 11,498 58.7 63.2
Entries whose paper entered the atlas 8,265 83.6 91.8
Compatible types admitted, no clustering 12,207 81.3 88.9
Name in the paper’s title or abstract 10,883 61.6 65.7
Name not in the title or abstract 1,316 15.4 33.1

Extracted types and registry tool types agreed where both describe the same kind of object: web servers
were registered as web applications in 79% of cases, whereas models diverged most (Table S12).

Human audit

A single annotator manually audited stratified samples from four stages of the pipeline against the full-
text articles and relevant registry records (Table S16). Among 50 papers classified as computational,
74.0% (95% Cl 62.0-86.0) treated computation as a central result, so the 1,074,191 screened-positive
papers should be interpreted as papers classified as computational rather than papers whose primary
contribution is computational. After weighting the three sampling strata by their population sizes, the
estimated sensitivity of the screening step was 92.9% (95% Cl 88.9-96.6). Among 50 name-based
registry matches, 55.1% (95% Cl 36.4—72.4) referred to the same artifact, including 15 of 23 bio.tools
matches, 9 of 25 PyPI matches, and the single audited CRAN and Bioconda matches, so name-based
matching to package registries was the least reliable audited stage. All 15 audited unmatched names
were judged to represent genuine named methods or software, although for 12 the annotator could not
determine whether the same artifact was registered under a different name, and none of the remaining
three had an identified registry counterpart. In a separate full-text audit of 13 papers, the extracted
artifact type agreed with the annotator in 8 cases, while the extracted artifact name agreed in every
paper for which a name was present, and all three papers classified by the pipeline as software
packages were judged by the annotator to describe new algorithms. These audits are limited by the
small sample sizes and the use of a single annotator, resulting in wide confidence intervals: screening
precision was evaluated on 50 papers, extraction on 13 papers and unmatched names on 15 cases.
Identity resolution, extraction-window effects, code-link detection, repository and accession extraction,
cluster labeling and the biomedical restriction were not independently audited.
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Structured resource index

The store holds 499,531 dataset-accession occurrences, 285,615 of them distinct, in 184,701 papers

(17.2% of the corpus), and 152,097 code-link occurrences in 97,331 papers, resolving to 77,382 distinct
Git repositories and 6,588 package, project and archive records (Table S15). Of 400 sampled repository
links, 385 resolved; URL resolution verifies accessibility but not correspondence to the reported artifact.

The citation graph, joined by PMID or DOI, resolves 5,767,772 of the 41,890,329 reference entries to
papers in the corpus (Table S15).

Discussion

PaperAtlas is primarily a literature-navigation resource. It organizes computational-methods papers for
task-oriented browsing, identifies candidate software names for registry curation, and links papers to
reported dataset accessions and code repositories. The registry analyses address a separate question:
how often extracted artifact names match entries in five registry snapshots from September 2026.

The results also highlight the limitations of name-based registry matching. Recall fell to 15.4% when the
registry name did not appear in the defining paper's title or abstract, indicating that naming differences
alone can prevent otherwise related records from being linked. Mention-based resources (Istrate et al.,
2022; Schindler et al., 2022), curated registries such as bio.tools (Ison et al., 2019) and FAIRsoft (Martin
del Pico et al., 2024), and PaperAtlas therefore capture complementary views of the computational-
methods literature.

Conclusion

PaperAtlas organizes 165,432 computational-methods papers from the PubMed Central open-access
subset into 1,000 biomedical clusters, providing a reproducible structure for navigating the literature.
Where curated bio.tools annotations permit evaluation, these clusters show substantial concentration of
shared EDAM topics. Among 31,180 distinct names extracted from software-package and web-server
papers, 61.0% had no strict match in the five evaluated registry snapshots. The pipeline recovered 56.6%
of bio.tools software entries end to end by strict matching, rising to 83.6% among entries whose defining
publication entered the atlas. A small manual audit found the extracted artifact names accurate in the
cases examined, while registry name matching was the least reliable audited step, so these results
measure concordance between names reported in the literature and names present in the evaluated
registry snapshots rather than definitive registry membership. Together, these results show that
PaperAtlas can organize the computational-methods literature at scale, while also revealing substantial
gaps and naming inconsistencies between published software and existing registries.
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1, Table S7). This article describes the archived September 2026 release; the live web resource is
updated monthly, so current counts may differ.
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