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Abstract
Accurate phenotype prediction from RNA sequencing (RNA-seq) data is essential for diagnosis, biomarker dis-

covery, and personalized medicine. Deep learning models have demonstrated strong potential to outperform

classical machine learning approaches, but their performance relies on large, well-annotated datasets. In tran-

scriptomics, such datasets are frequently limited, leading to over-fitting and poor generalization. Knowledge

transfer from larger, more general datasets can alleviate this issue. However, transferring information across

RNA-seq datasets remains challenging due to heterogeneous preprocessing pipelines and differences in target

phenotypes.

In this study, we propose a deep learning-based domain adaptation framework that enables effective knowledge

transfer from a large general dataset to a smaller one for cancer and tissue type classification. The method

learns a domain-invariant latent space by jointly optimizing classification and domain alignment objectives. To

ensure stable training and robustness in data-scarce scenarios, the framework is trained with an adversarial

approach with appropriate regularization. Both supervised and unsupervised approach variants are explored,

leveraging labeled or unlabeled target samples.

The framework is evaluated on three large-scale transcriptomic datasets (TCGA, ARCHS4, GTEx) to assess its

ability to transfer knowledge across cohorts. Experimental results demonstrate consistent improvements in

cancer and tissue type classification accuracy compared to non-adaptive baselines, particularly in low-data

scenarios.

Overall, this work highlights domain adaptation as a powerful strategy for data-efficient knowledge transfer in

transcriptomics, enabling robust phenotype prediction under constrained data conditions.

URL
https://doi.org/10.48550/arXiv.2603.08062
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Abstract
The Ribonucleic Acid (RNA) inverse folding problem, designing nucleotide sequences that fold into specific ter-

tiary structures, is a fundamental computational biology problemwith important applications in synthetic biol-

ogy and bioengineering. The design of complex three-dimensional RNA architectures remains computationally

demanding and mostly unresolved, as most existing approaches focus on secondary structures. In order to ad-

dress tertiary RNA inverse folding, we present BeeRNA, a bio-inspired method that employs the Artificial Bee

Colony (ABC) optimization algorithm. Our approach combines base-pair distance filtering with RMSD-based

structural assessment using RhoFold for structure prediction, resulting in a two-stage fitness evaluation strat-

egy. To guarantee biologically plausible sequences with balanced GC content, the algorithm takes thermody-

namic constraints and adaptive mutation rates into consideration. In this work, we focus primarily on short

and medium-length RNAs (< 100 nucleotides), a biologically significant regime that includes microRNAs (miR-

NAs), aptamers, and ribozymes, where BeeRNA achieves high structural fidelity with practical CPU runtimes.

The lightweight, training-free implementationwill be publicly released for reproducibility, offering a promising

bio-inspired approach for RNA design in therapeutics and biotechnology.

URL
https://arxiv.org/abs/2511.21781
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Abstract
The study of cell-free circulating DNA (cirDNA) fragments (fragmentomics) from liquid biopsies has received

increasing attention. By constructing an atlas of these well-positioned nucleosomes, which we called WPNA,

we found that their occupancy was associated with histone-DNA affinity, as evidenced by codon usage bias and

differences in cirDNA fragment sizes. Moreover, WPNA nucleosome occupancy was different in healthy and

cancer samples, thus allowing developing a high performance machine learning approach for cancer detection

(specificity and sensitivity >0.95 for seven cancer types). Cancer influenced WPNA nucleosome occupancy in

a global manner, although distinct cancer types retained specific features. WPNA nucleosome occupancy at

transcription factor binding sites revealed shared, pan-cancer regulation of transcriptional programs involved

in hematopoietic cell differentiation and neutrophil biology, the main cirDNA sources. This work provides new

fundamental insights into cirDNA and DNA sequence using cirDNA as a physical readout. It also bares trans-

lational significance by disclosing a new high-performance strategy for cancer detection from liquid biopsies.

URL
https://www.biorxiv.org/content/biorxiv/early/2025/10/09/2025.10.08.681110.full.pdf
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Abstract
The CASP15-CAPRI experiment demonstrated that massive-scale sampling, combined with diversity-inducing

parameters (AFsample by Björn Wallner), significantly improves protein structure prediction. However, the

original AlphaFold2 architecture presents amajor bottleneck for large-scale sampling by being limited to single-

process calculations. To address these computational limitations, we collaborated with Björn Wallner to create

MassiveFold [1], a tool that enablesmassive sampling by parallelizing structure prediction onGPU SLURM-based

clusters.

In the 2024 CASP16 protein structure competition, we conducted a systematic experiment involving massive

sampling for all protein targets [2]. Beyond our baseline submission (group ‘Brysbaert’), we contributed these

extensive datasets to the CASP Phase 2 ‘MassiveFold scoring’ challenge. This collective effort aimed to provide

the community, and specifically scorers, with a diverse pool of decoys to identify the ‘hidden gems’ generated by

MassiveFold. Our analysis highlights a sampling-scoring gap: while these high-accuracymodels exist within the

ensembles, they are not systematically ranked first by standard AF2 confidence scores. We show that a perfect

scoring would have ranked first in CASP16 with our MassiveFold set, highlighting an urgent need for advanced

scoring methods. Furthermore, our data indicates that while ‘easy’ targets gain little from increased sampling,

‘hard’ targets consistently benefit from it. A standard AlphaFold2 run can serve as a diagnostic to predict which

targets require massive sampling, allowing for a significant reduction in total computing time through selective

resource allocation. Finally, we present the evolution ofMassiveFold (v1.6.1), which now integrates AlphaFold3,

PPI discovery, ligand screening, and support for local (non-SLURM) environments.

References:

[1] Nessim Raouraoua, Claudio Mirabello, Thibaut Véry, Christophe Blanchet, Björn Wallner, Marc F. Lensink

and Guillaume Brysbaert. Nature Computational Science 4, 824–828 (2024).

[2] Nessim Raouraoua, Marc F. Lensink, Guillaume Brysbaert, Proteins: Structure, Function, and Bioinformatics

(2025): 1–7, (2025).
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https://onlinelibrary.wiley.com/doi/10.1002/prot.70040
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Abstract
Transcriptomic “data series” — such as time-course or dose-response experiments — present significant chal-

lenges in both analytical modelling and biological interpretation. While specialised pipelines exist to charac-

terise these series, a gap remains in tools dedicated to making sense of the extensive transcript lists they gen-

erate. To address this, functional enrichment analysis is often employed to associate these lists with simplified

biological pathways. A commonly used method is Over-Representation Analysis (ORA), which uses statistical

tests to determine if a pathway contains a disproportionately large number of deregulated genes compared to

sampling among genes uniformly. However, standard ORA often yields broad, redundant results representing

only a small fraction of deregulated genes, frequently overlooking smaller, more specific pathways.

To address these limitations, we developed Cluefish (CLUstering, Enrichment, and FISHing), an open-source

semi-automated R workflow for untargeted exploration of transcriptomic data series. Cluefish applies ORA to

pre-clustered protein-protein interaction networks, using clusters as anchors to identify smaller and more spe-

cific pathways. The workflow incorporates two innovative steps: cluster merging to reduce functional redun-

dancy, and “lonely gene fishing”, which recovers isolated deregulated genes through shared pathway context.

Together, these features enable a more complete exploration of the data by maximising the proportion of the

deregulated gene list included in the interpretation.

We tested Cluefish using an in-house dose-response dataset of zebrafish embryos exposed to dibutyl phthalate

(known endocrine disruptor), as well as two publicly available toxicology datasets for rat and poplar. Compared

to the standard approach, Cluefish allowed for the interpretation of a larger portion of the data and revealed

disrupted pathways that would otherwise be overlooked. Coupledwith dose-responsemodelling fromDRomics,

Cluefish outputs enabled the formulation of hypotheses supported by multiple concordant elements, which are

not only biologically coherent but also of broader scientific interest.

URL
https://doi.org/10.1093/nargab/lqaf103
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Abstract
Achieving timely diagnosis for rare diseases (RDs) remains challenging due to phenotypic heterogeneity and

incomplete clinical data. Unlike our previous phenotype–genotype-based method developed during the SOLVE-

RD project (Lagorce et al. 2024), and in contrast to existing phenotype-based tools that rarely exploit Orphanet’s

hierarchical classification, we present a phenotype-based computational pipeline that ranks candidate ORPHA-

codes (Orphanet’s unique, time-stable RD identifiers) from patient phenotypes by integrating a clinical consis-

tency metric. Following the Orphanet Nomenclature, this metric quantifies the number of shared Groups of

Disorders (GDs) between two ORPHAcodes. GDs are defined as sets of ORPHAcodes sharing clinical features.

More shared GDs reflect greater clinical coherence.

The pipeline (Fig. 1) combines phenotype-based similarity with Random Walk with Restart (RWR). Patient-

disease similarity is computed using asymmetric aggregation of the Human Phenotype Ontology (HPO) terms,

incorporating removal of subsumed terms and integration of Orphanet HPO frequency annotations. Among

24 combinations of six similarity measures and four aggregation functions, Resnik with FunSimMaxAsym per-

formed best.

By exploring the patient node’s local neighbourhood, RWR identifies indirectly related diseases throughnetwork

connectivity rather than direct annotation overlap, mitigating incompletely annotated cases and improving the

clinical consistency of top-ranked candidates; although some confirmed diagnoses occasionally ranked lower,

their GDs appeared prominently, supporting diagnostic utility.

We benchmarked our method on 139 expert-curated SOLVE-RD cases representing 78 distinct ORPHAcodes.

Compared with the SOLVE-RD baseline (RSD), our approach achieved a harmonic mean rank of 4.64 for con-

firmed diagnoses (versus 7.97) and retrieved the correct RD within the top 10 positions for 39% of patients

(versus 29%). The damping factor (α = 0.3) modulated the trade-off between ranking accuracy and clinical co-

herence.

By integrating phenotype-based similarity with RWR, our pipeline enhances clinical consistency among top-

ranked candidates by considering the Orphanet nomenclature, providing a starting point to assist clinicians in

developing diagnostic hypotheses.

Code: github.com/Orphanet/OrphaScape_SimWalk

URL
https://hal.science/hal-05517071v1
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Abstract
Analyzing how proteins change conformation upon ligand binding or mutations is essential for understanding

molecular recognition and structure-based drug design. Traditionally, these changes are assessed by comparing

apo and holo structures using RMSD. This parameter provides only a global measure of structural deviation

and does not allow the localization of conformational changes. To overcome these limitations, we previously

developed SA-conf (Regad et al., 2017), a tool that quantifies backbone conformational variability across sets

of protein structures https://owncloud.rpbs.univ-paris-diderot.fr/owncloud/index.php/s/uOdItX27jUfgQM6. It is

based onHMM-SA (Camprouxet al., 2004), a structural alphabet that encodes local 3D geometry into sequences

of structural letters where each encodes the geometry of consecutive four-C𝛼 fragments.

In this study, we aimed to demonstrate the applicability of SA-conf for analyzing structural variability in Bcl-xL

(B-cell lymphoma–extra-large), a key anti-cancer target. To this end, SA-conf was applied to a dataset of 130

crystallographic chains, including apo, holo, wild-type, and mutant forms. Our analysis revealed that Bcl-xL
shows high structural plasticity. Structurally conserved positions were identified, notably in the protein fold

and binding site anchor residues. While most mutations had limited local impact, some induced long-range
conformational rearrangements, suggesting allosteric effects. We showed that ligand binding was the main

driver of conformational changes, with rearrangements both near and distal to the binding site. By integrating

SA-conf results with residue flexibility analysis, we established a structural mapping of the binding pocket with

three important regions: (i) a conserved anchoring core, (ii) amoderately plastic central region, and (iii) a

flexible periphery contributing to ligand specificity. These insights highlight SA-conf’s ability to capture func-
tionally relevant backbone adaptations. SA-conf offers a powerful framework for analyzing structural en-

sembles, identifying conformational signatures, and guiding rational design of selective ligands for dynamic

protein targets. This study was previously reported in Baillif et al., Molecules, 2025

URL
https://www.mdpi.com/1420-3049/30/16/3355
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Abstract
Endometriosis, a chronic inflammatory disease affecting 5–15% of individuals assigned female at birth, involves

the presence of endometrial-like tissue outside the uterus. While genetic and hormonal factors are established

contributors, environmental exposure to persistent organic pollutants (POPs), especially organochlorine com-

pounds (OCCs), may also play a role, though the underlying mechanisms remain unclear due to fragmented

evidence in the literature.

To address this, we developed Kg4j, an open-source Java framework for constructing question-centric biomed-

ical knowledge graphs (KGs). Kg4j leverages FORVM, a large-scale RDF graph with 82 million associations be-

tween small molecules and biomedical concepts. Using ontology-based filtering, Kg4j extracts a locally hosted

Neo4j subgraph, tailored to specific research questions, providing relevant literature-supported associations.

We applied Kg4j to explore links between OCC exposure and endometriosis risk. The resulting KG (2,706 nodes,

23,243 edges) was validated against a systematic review, achieving 95.4% recall and revealing new hypotheti-

cal associations. Centrality analysis highlighted hormone-related entities and steroid metabolites, supporting

the hypothesis that endocrine disruption and altered steroid metabolism contribute to pathogenesis. Entities

related to reproductive and neoplastic processes also emerged as central, suggesting potential links to cancer

and environmental exposures.

Exploration of chains of concepts and chemical entities within the knowledge graph, from concept of interest

to central nodes, revealed multi-step connections between OCC exposure and endometriosis-related processes.

These interpretable paths enable hypothesis generation about potential mechanisms through which environ-

mental pollutantsmay influence endometriosis development. The framework now supportsmetabolomics data

integration, to extract KGs driven by both data and literature. This integration allows observed metabolic dis-

ruptions to be connected to known biological pathways, improving mechanistic insight and supporting more

precise hypothesis generation.

This approach demonstrates how KG-based literature mining can transform fragmented knowledge into mech-

anistic hypotheses, offering a scalable tool for uncovering biomarkers, pathways, and therapeutic targets in

complex diseases.

URL
https://doi.org/10.64898/2026.03.02.709027
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Abstract
Bacteriophage taxonomy remains a challenging task due to the propensity of viruses for recombination and

the lack of universal gene markers. Additionally, the rapid expansion of metagenomic datasets from diverse

niches demands reliable and scalable approaches for classifying both known and novel phages. In this study,

we introduceHierarchical Viruses (HieVi), a scalable framework that leverages protein languagemodel (pLM)

embeddings to compare and classify phages at the proteome level.

HieVi employs the ESM-2 model to generate vectorial representations for every protein in a phage genome.

By treating phages as a “bag of proteins”, we create a mean phage representation (MPR) in a 2,560-dimensional

space. Using a curated dataset of 24,362 phages (INPHARED), we demonstrate thatMPRs cluster effectively at the

genus level. Hierarchical density-based clustering of these MPRs further reveals a multi-scale organization of

phages that aligns remarkably well with ICTV taxonomic rankings, achieving an Adjusted Mutual Information

score greater than 0.9 for families such as Herelleviridae at both genus and subfamily levels. Notably, HieVi

demonstrates that highlymosaic lambdoid phages are clusteredwithin a single, distinct branch and supports the

recent ICTV promotion of Autographiviridae to the rank of order (Autographivirales). These results demonstrate

that pLM-based representations can capture evolutionary relationships without relying on multiple sequence

alignments.

Unlike traditional tools, HieVi is highly scalable because its vector-based formulation can leverage vector

databases for rapid lookups. This enables contextual placement of new query genomes without reprocessing

the entire database, facilitating the high-throughput analysis of largemetagenomic datasets. The code and pack-

age are publicly available on Zenodo and GitHub, ensuring the tool is accessible and reusable. This framework

shows that phage representation using protein languagemodels contains phylogenetic information by encoding

shared genes between phages, thus paving the way for advanced synteny-aware genome language models.

URL
[article] https://doi.org/10.1093/nargab/lqaf134

[App] https://huggingface.co/spaces/pswap/hievi

[Visualization] https://pswapnesh.github.io/HieVi/imgvr_galaxy.html
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Abstract
BioPAX (Biological PAthway eXchange) is a SemanticWeb-based standard for representing biological pathways,

offering fine-grained descriptions ofmolecular interactions, metabolic processes, and signaling networks. How-

ever, BioPAX’ complexity poses challenges for downstream analyses and reasoning tasks, requiring abstraction

methods to simplify representation and analysis. The Simple Interaction Format (SIF) is a widely used format

addressing this issue by reducing BioPAX’s mechanistic interactions into binary relationships between proteins

and small molecules. Currently, Paxtools and ChiBE are the state-of-the-art tools for abstracting BioPAX to SIF,

relying on 14 abstraction rules implemented as Java graph patterns. However, SIF rules are ambiguously doc-

umented, leading to inconsistencies and potential misinterpretations.

Our first contribution is a systematic analysis of SIF rules ambiguity, revealing three meanings of SIF rules

descriptions: (1) diagrams and textual descriptions from PathwayCommons, (2) Paxtools pattern function de-

scriptions (comments in the code), and (3) raw Paxtools pattern Java code. We identified that each subsequent

meaning introduces additional constraints not specified in previousmeanings, creating a gap between SIF rules

documentation and implementation in Paxtools.

Our second contribution is the development of a transparent and reproducible BioPAX-to-SIF abstraction

method introducing 14 SPARQL queries formalizing each SIF rule, and clearly documented through diagrams.

Using our SPARQL queries, we quantified the impact of SIF rules ambiguity on a pathway example.

Our third contribution is the production of large scale SIF abstractions of two pathway databases, PathBank and

Reactome, demonstrating scalability and efficiency of our queries.

Overall, our SPARQL-based approach provides a transparent, scalable and FAIR-compliant method for BioPAX-

to-SIF abstraction. While Paxtools and ChiBE remain valuable for BioPAX manipulation, our queries offer a

modular, well-documented alternative for users seeking clarity in SIF abstraction rules. The scalability and

efficiency of the SPARQL queries demonstrate their potential for large-scale pathway analysis. SPARQL queries

are publicly available on GitHub: https://github.com/CecileBeust/BioPAX-To-SIF-SPARQL.git

URL
https://zenodo.org/records/18980848
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Abstract
Temporal lobe epilepsy (TLE) is a common neurological disorder that often develops after an initial brain insult

such as status epilepticus (SE). The transition from a healthy brain to a chronically epileptic state, known as

epileptogenesis, involves complex molecular and cellular remodeling across multiple brain regions. Although

transcriptomic studies have provided important insights into this process, most approaches rely on bulk or

single-cell sequencing methods that lack spatial context. Here, we use spatial transcriptomics combined with

integrative bioinformatic analyses to characterize the spatiotemporal transcriptional landscape of epileptoge-

nesis.

Spatial transcriptomic profiles were generated using the 10x Genomics Visium platform from coronal brain

sections of a lithium–pilocarpine rat model of SE at four time points (5, 10, 20, and 40 days post-induction),

covering both latent and chronic phases. The dataset includes 16 samples and thousands of spatial capture

spots per section, each representing the transcriptome of local cellular neighborhoods. Sequencing data were

processed using Space Ranger and analyzed in R using Seurat, including SCTransformnormalization, multi-slice

integration, unsupervised spatial clustering, differential expression analysis, and pathway enrichment. Spatial

cell composition was inferred using reference-based deconvolution with CARD and a mouse brain single-cell

atlas.

Unsupervised clustering reconstructed major anatomical structures, including cortex, hippocampus, thalamus,

white matter tracts, and caudate–putamen, demonstrating that transcriptomic signatures alone can recover

brain architecture. Differential expression analysis identified more than 8,000 genes significantly dysregulated

following SE, with enrichment in pathways related to immune activation, synaptic remodeling, and neuronal

plasticity.

Spatial pathway analysis revealed pronounced reactive astrogliosis andmicroglial activation extending beyond

the hippocampus into white matter tracts and thalamic nuclei during the latent phase of epileptogenesis. These

results highlight the value of spatial transcriptomics and integrative bioinformatics workflows for uncovering

region-specific molecular programs underlying neurological disease progression.

URL
https://doi.org/10.1186/s40478-026-02224-y
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Abstract
Dysregulation of the cell cycle is a hallmark of cancer, driving uncontrolled proliferation and contributing to

tumor progression, metastasis, and therapy resistance. In addition to active cycling, many tumor cells can en-

ter a quiescent (G0) state, halting proliferation without undergoing terminal differentiation. Quiescence has

emerged as a key mechanism of therapeutic failure, allowing subpopulations of cancer cells to survive treat-

ment and later initiate relapse. Furthermore, the tumormicroenvironment (TME) plays a pivotal role in shaping

cancer cell behavior, including their proliferative potential. Composed of a heterogeneous mix of stromal, im-

mune, andmalignant cells, the TME provides spatially organized signals that influence cell fate decisions. While

immune and metabolic dimensions of the TME have been extensively studied, its role in regulating cell cycle

states remains poorly understood. Particularly, the spatial distribution of proliferating versus quiescent tumor

cell states, and how this organization contributes to intratumoral heterogeneity and therapeutic resistance, has

yet to be systematically investigated.

In this work, we use publicly available spatial transcriptomics datasets to characterize the effect of the TME on

cell cycle states in melanoma, breast, and lung tumors. Based on transcriptional profiles, we assigned discrete

cell cycle phases to the cells within the TME. Interestingly we identified proliferating and quiescent subpopu-

lations of cancer cells in the tumor. We further examined the spatial localization of these subpopulations and

uncovered clear spatial patterning based on proliferating and quiescent cellular states. To refine this under-

standing, we develop CyclEM, a computational tool based on the Expectation-Maximization algorithm, which

performs trajectory analysis, assigns a continuous cell cycle phase to proliferating cells, and reveals gene ex-

pression dynamics of key cell cycle regulators within the TME. Our approach enables a spatially resolved, high-

resolution view of tumor cell cycle dynamics, uncovering heterogeneity in proliferation potential that may un-

derlie differential responses to therapy and disease progression.

URL
https://www.biorxiv.org/content/10.64898/2025.11.28.691200v1
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Abstract
Motivation: The rapid growth of biological data has intensified the need for transparent, reproducible, andwell-

documented computational workflows. The ability to clearly connect the steps of a workflow in the code with

their description in a paper would improve workflow understanding, support reproducibility, and facilitate

reuse. This task requires the linking of Bioinformatics tools inworkflow codewith theirmentions in a published

workflow description.

Results: We present CoPaLink, an automated approach that integrates three components: Named Entity Recog-

nition (NER) for identifying tool mentions in scientific text, NER for tool mentions in workflow code, and entity

linking grounded on Bioinformatics knowledge bases. We propose approaches for all three steps achieving a

high individual F1-measure (84 - 89) and a joint accuracy of 66 when evaluated on Nextflow workflows using

Bioconda and Bioweb Knowledge bases. CoPaLink leverages corpora of scientific articles and workflow ex-

ecutable code with curated tool annotations to bridge the gap between narrative descriptions and workflow

implementations.

Availability: The code is available at https://gitlab.liris.cnrs.fr/sharefair/copalink-

experiments and https://gitlab.liris.cnrs.fr/sharefair/copalink. The corpora are also avail-

able at https://doi.org/10.5281/zenodo.18526700, https://doi.org/10.5281/zenodo.18526760 and

https://doi.org/10.5281/zenodo.18543814.

URL
Link to preprint : https://arxiv.org/abs/2603.08195

Software CoPaLink : https://gitlab.liris.cnrs.fr/sharefair/copalink
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1 Université de Lorraine, CNRS, Inria, LORIA, F-54000 Nancy, France4
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Abstract7

Allosteric site prediction plays a critical role in modern drug discovery, offering opportunities to target8

regulatory regions with high specificity. However, most existing computational approaches rely on static9

protein structures and pocket detection tools such as fpocket, thereby overlooking conformational dynam-10

ics essential for allosteric regulation. Here, we present AlloDyn, a framework that integrates static pocket11

descriptors with dynamic features derived from both all-atom molecular dynamics (MD) simulations of12

apo-state proteins and AlphaFlow-generated conformational ensembles. By capturing structural flexibility,13

solvent accessibility, and residue–residue communication patterns at the pocket level, our approach enables14

a dynamic-aware representation of candidate allosteric sites. Importantly, we identify a systematic bias in15

current benchmarking practices, showing that applying fpocket to holo structures without removing bound16

allosteric modulators introduces data leakage and leads to artificially inflated performance estimates. When17

evaluated on properly preprocessed datasets, dynamic feature augmentation significantly improves predic-18

tion performance over static baselines. Furthermore, we demonstrate that AlphaFlow-generated ensembles19

achieve performance comparable to MD-derived features at a fraction of the computational cost, providing20

a scalable alternative for conformational sampling. Benchmarking on the D24 dataset shows that AlloDyn21

achieves the best balance between precision and recall, yielding the highest F1 score and MCC among eval-22

uated methods. We show that current benchmarks overestimate performance due to data leakage, and that23

incorporating dynamics is key to accurate and scalable allosteric site prediction.24

Introduction25

Allostery is a fundamental regulatory mechanism in which the binding of a molecule (effector or modulator)26

at one site of a protein (the allosteric site) induces functional changes at a distant site, often the active27

site. This long-range intramolecular communication enables proteins to modulate their activity in response28

to cellular signals. Allosteric regulation is widespread across biological systems and plays a central role in29

controlling enzymatic catalysis, metabolic pathways, and signal transduction [1]. Importantly, effectors can30

act as activators or inhibitors, finely tuning protein function without directly interacting with the substrate-31

binding site [2].32

1
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Allosteric sites often lie outside conserved active regions, making them attractive yet challenging targets33

for drug design. Unlike orthosteric drugs, allosteric modulators can offer enhanced specificity and reduced34

toxicity [3, 4]. However, the structural diversity of allosteric mechanisms across protein families has long35

complicated efforts to systematically identify allosteric sites.36

The systematic collection of experimental annotations in recent years has greatly improved the accessibility37

of curated data on allosteric proteins. The Allosteric Database (ASD) [5] is the most comprehensive,38

with derived subsets such as ASBench [6] and CASBench [7] providing filtered, benchmarking-oriented39

collections. AlloBench [8] was recently introduced to facilitate standardized evaluation of predictive models.40

The growing volume and accessibility of annotated allosteric data have enabled the development of data-41

driven computational approaches for allosteric site prediction, offering scalable and generalizable alternatives42

to experimental identification.43

Computational methods for allosteric site prediction can be broadly divided into two categories. Residue-44

level methods aim to identify individual allosteric residues within a protein, typically by combining struc-45

tural, evolutionary, and dynamic features at the per-residue level, as in AR-Pred [9], which couples dynamics46

features using elastic network models with evolutionary information, NACEN [10], which exploits residue47

contact energy networks, and more recently a nanoenvironment descriptor-based approach [11]. The advent48

of protein language models (PLMs) has further enabled sequence-based residue prediction without requir-49

ing a three-dimensional structure, as demonstrated by AlloFusion [12], which leverages PLM embeddings,50

and Kannan et al. [13], which uses PLM attention maps to identify allosteric residues directly from se-51

quence. Pocket (or site)-level methods, by contrast, operate on cavities detected on the protein surface52

and classify them as allosteric or non-allosteric, offering a more directly actionable output for drug design.53

While residue-level approaches provide finer mechanistic insight, pocket-level methods are better suited for54

identifying druggable sites and are the focus of the present work.55

Pocket-level approaches have diversified over the past decade, yet most machine learning-based models still56

rely on static protein conformations. Many such methods use geometry-based pocket detection tools such as57

fpocket [14] to derive physicochemical features and employ classifiers, as implemented in Allosite [15] and the58

PASSer family [16–18]. Other recent strategies extend these approaches by incorporating complementary59

structural descriptors and advanced feature selection, as in MEF-AlloSite [19]. Beyond static representations,60

several methods rely on coarse-grained dynamic analysis. AllositePro [20] uses normal mode analysis based61

on an elastic network model to evaluate protein dynamic changes upon allosteric ligand binding; AlloPred [21]62

applies normal mode perturbation analysis to capture flexibility changes, and ESSA (Essential Site Scanning63

Analysis) [22] identifies residues whose perturbation strongly alters the dispersion of global motions within64

elastic network-based normal modes. A related perturbation-based approach, APOP [23], evaluates the65

allosteric potential of fpocket-detected pockets by stiffening residue–residue interactions within each cavity66

in a Gaussian network model and ranking them based on induced shifts in global mode frequencies combined67

with hydrophobicity descriptors. More recently, AllosES [24] expanded this concept by integrating transfer68

entropy–based coupling derived from Gaussian network models, followed by AlloEF [25] and ZHMolEReP69

[26], two residue-level methods that combine dynamic and energetic features (transfer entropy and energetic70

frustration for the former, perturbation response scanning and free energy approximation for the latter),71

both requiring active site information as input.72
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While the coarse-grained dynamic analyses described above go beyond purely static representations, they73

rely on simplified physical models and a single input structure, which may not fully capture the conforma-74

tional heterogeneity central to allosteric regulation. Molecular dynamics (MD) simulations offer a principled75

route to capture such dynamics, sampling the conformational space of a protein at atomic resolution over76

time. However, the computational cost of all-atom MD simulations remains substantial, particularly at the77

scale of large benchmark datasets. The recent emergence of generative models for conformational sampling,78

such as AlphaFlow [27], offers a promising and scalable alternative. More broadly, the growing interest in79

dynamics-aware machine learning, including methods that incorporate conformational flexibility into bind-80

ing interface prediction [28], underscores the potential of integrating protein dynamics into allosteric site81

modelling.82

In this study, we present AlloDyn, which is, to the best of our knowledge, the first dynamic-aware method83

for allosteric site prediction that integrates static fpocket descriptors with dynamic features derived from84

full-atom MD simulations of apo (modulator-free) protein structures, allowing direct comparison with a85

static-only baseline. We further evaluate AlphaFlow [27], a diffusion-based generative model that constructs86

conformational ensembles directly from protein sequences, as a computationally tractable alternative to87

MD simulations. In addition, we identify and characterize a systematic bias introduced when fpocket is88

applied to holo structures without prior removal of the allosteric modulator, leading to data leakage and89

artificially inflated performance estimates. AlloDyn is evaluated against several state-of-the-art allosteric site90

prediction methods on the D24 benchmark set [20], demonstrating competitive and consistent classification91

performance.92

Materials and Methods93

Allosteric Dataset Construction and Annotation94

The dataset used in this study was prepared following a pipeline inspired by PASSerRank [18], which95

was developed to curate a high-quality, structurally consistent, and sequence-diverse collection of pro-96

tein–modulator complexes for allosteric site prediction. Protein structures and annotations were obtained97

from the 2023 release of the Allosteric Database (ASD2023) [5], which contains over 2,400 experimentally98

validated protein–modulator entries. To ensure structural reliability, we retained only X-ray structures with99

resolution better than 3.0 Å, and excluded entries with incomplete allosteric sites or ambiguous modulator100

annotations. Pocket identification was performed using fpocket [14], a widely used geometry-based method.101

We explored two preprocessing strategies prior to pocket detection. In the first, fpocket was applied directly102

to the full structure using a flag to restrict detection to the chain annotated as allosteric in the ASD, without103

any prior cleaning. In the second, solvent molecules and ions were removed, the allosteric modulator was104

extracted from the chain, and fpocket was then applied to the cleaned, isolated chain. For each protein,105

the geometric centers (centroids) of the predicted pockets and the modulator were computed. The pocket106

with the shortest centroid-to-centroid distance to the modulator (pocket-modulator distance) was labeled as107

allosteric, and all others as non-allosteric. This modulator-based labeling strategy was adopted as residue-108

level allosteric site annotations are not consistently available across all entries in ASD. If the minimum109

distance exceeded 10 Å (default threshold), the entry was excluded, as such cases typically reflect failures110

in pocket detection [18]. Redundancy reduction was applied to obtain a sequence-diverse dataset, using111
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pairwise sequence identity filtering with a 30% threshold. After detection, labeling, and filtering the final112

dataset consisted of 353 proteins, comprising 8,847 pockets in total, of which 353 were labeled as allosteric113

and 8,494 as non-allosteric (Figure 1-(1)).114

Figure 1: Overview of the AlloDyn pipeline. (1) fpocket detects pockets on the input protein structure.
(2) Static features come directly from fpocket descriptors; dynamic features come from conformational
ensembles generated by MD simulations or AlphaFlow, aggregated across the ensemble into residue-level
features and then into pocket-level features. (3) XGBoost combines both feature sets and outputs an
allosteric probability score for each pocket.

Generation of Conformational Ensembles115

Molecular Dynamics simulations. For each of the 353 protein chains, we performed three replicates116

of 500-ns MD simulations, starting from their respective experimental structures. All bound ligands were117

removed, while ions were retained. Missing residues in regions with continuous gaps were modeled using118

MODELLER [29]. MD simulations were performed following the protocol described in [30], with identical119

simulation settings. Simulations were performed using GROMACS 2024.2 [31] with the CHARMM36m force120

field [32]. Systems were neutralized and adjusted to physiological ionic strength (150 mM NaCl) by adding121

Na+ and Cl− ions. Each system was solvated in a dodecahedral box of explicit TIP3P water model with a122

minimum buffer distance of 12 Å from the solute. Hydrogen atoms were added, and histidine protonation123

states were assigned using Reduce [33]. Energy minimization was carried out using the steepest descent124

algorithm for 5000 steps to remove steric clashes. This was followed by a multi-step equilibration phase125

in the NPT ensemble at 310 K, during which positional restraints were applied to protein and lipid heavy126

atoms and gradually released over 0.375 ns. Pressure was maintained at 1 bar using the Berendsen barostat127

during equilibration [34]. Production simulations were performed in the NPT ensemble with a time step of128

2 fs. For each system, three independent replicates of 500 ns were generated using different initial velocities.129

Temperature was maintained at 310 K using the V-rescale thermostat [35], and pressure was controlled at 1130

atm using the C-rescale barostat under isotropic conditions [36]. Covalent bonds involving hydrogen atoms131

were constrained using the LINCS algorithm [37], and long-range electrostatic interactions were treated with132

the Particle Mesh Ewald method [38]. Coordinates were recorded every 100 ps. For downstream analysis,133
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the three MD replicates were combined into a single concatenated trajectory for each protein, which served134

as the basis for dynamic feature extraction.135

Generative models. As an alternative to classical MD simulations, we explored the use of AlphaFlow [27],136

a diffusion-based generative model that produces conformational ensembles directly from protein sequences.137

We employed its distilled version, which offers a favorable tradeoff between accuracy and computational138

efficiency. For consistency with MD-derived ensembles, we used the same curated protein sequences as input139

to AlphaFlow. For each protein entry, 25 conformations were generated. To ensure consistent atom and140

residue indexing, the sequences were aligned to their corresponding experimental structures prior to feature141

extraction.142

Static and Dynamic Features Construction143

Fpocket features144

Each detected pocket was described using 19 descriptors computed by fpocket. These features capture geo-145

metric, physicochemical, and topological properties of the pocket, and include descriptors such as volume,146

solvent-accessible surface area (SASA), polarity, hydrophobicity, charge, and alpha-sphere statistics. Al-147

though one of these descriptors encodes residue flexibility via B-factors, all fpocket descriptors are derived148

from a single static structure rather than from conformational ensembles, and are referred to as static or149

fpocket features throughout this work.150

Dynamic features151

We computed dynamic descriptors from conformational ensembles to capture various aspects of pocket152

dynamics (Figure 1-(2)). Pockets were defined on the experimental structures using fpocket and represented153

as fixed sets of residues. Dynamic descriptors were computed by tracking these residues across conformational154

ensembles at the pocket level. Dynamic features were organised into three groups as described below (full155

list of features is available in Supplementary Table S1).156

Compactness and shape features All features in this group were computed from the Cα atom coor-157

dinates of pocket residues using MDAnalysis [39]. For each frame, the pocket centroid was computed as158

ct = 1
N

∑
i rt

i over the N Cα atoms of the pocket. Based on this definition, we extracted nine descriptors159

capturing pocket geometry and variability across the ensemble. These include the standard deviation of160

the centroid position, as well as the mean and standard deviation of the minimum, average, and max-161

imum Cα-to-centroid distances. In addition, mean pairwise inter-residue distances were computed per162

frame and summarised by their mean and standard deviation across the ensemble. Pocket compactness163

was quantified using the root mean square radius, rrms(t) =
√

1
N

∑N
i=1 ∥rt

i − ct∥2, computed per frame164

and summarised by its mean and standard deviation. Residue-level flexibility was captured through per-165

residue RMSF values, aggregated as mean and standard deviation across pocket residues. Finally, pocket166

shape was characterised per frame by the eigenvalues of the 3×3 spatial covariance matrix of Cα positions,167

Ct = 1
N−1

∑N
i=1(rt

i − ct)(rt
i − ct)⊤. The resulting eigenvalues λ1 ≥ λ2 ≥ λ3 describe the principal axes of168

the instantaneous spatial distribution of pocket residues, and were used to derive anisotropy A = λ3/λ1 and169

sphericity S = (λ1λ2λ3)1/3/(λ1 + λ2 + λ3), both summarised by their mean and standard deviation over the170

ensemble (17 features).171
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SASA-based features Pocket solvent-accessible surface area is computed per frame using MDTraj [40].172

Both absolute (Å2) and relative (fraction of total protein SASA) values are recorded, with mean, standard173

deviation, range, and coefficient of variation computed for each, leading to a total of 8 features per pocket.174

Dynamic coupling features Pairwise couplings between all protein residues are quantified using four175

matrices. The dynamic cross-correlation (Pearson) measures the normalised cross-covariance of Cα positional176

fluctuations [41]:177

DCCij = ⟨∆ri · ∆rj⟩√
⟨|∆ri|2⟩ ⟨|∆rj |2⟩

, ∆ri = ri − ⟨ri⟩ (1)

Mutual information (MI) and generalised correlation (GC) capture both linear and nonlinear couplings [42].178

Under the Gaussian approximation:179

MIij = 1
2

[
ln det(Σi) + ln det(Σj) − ln det(Σij)

]
, (2)

where Σi, Σj are the covariance matrices of residues i and j, and Σij is their joint covariance matrix. GC180

[42] is derived from MI as:181

GCij =
√

1 − exp
(

−2
3 MIij

)
, (3)

Finally, the communication propensity (CP) quantifies the variance of the inter-residue distance across the182

ensemble [43]:183

CPij =
〈
(dij − d̄ij)2〉

, (4)

where dij is the instantaneous distance between Cα atoms of residues i and j. GC, MI, and CP were184

computed using ComPASS [44]. For each matrix, three sets of pocket-level statistics are derived: intra-185

pocket couplings (mean, max, and std of all residue pairs within the pocket), global connectivity (mean and186

std of couplings between pocket residues and the rest of the protein), and inter-pocket couplings (statistics187

over couplings between this pocket and every other detected pocket).188

Model Training and Evaluation189

Classifier and hyperparameter optimization. We trained gradient-boosted decision tree models using190

XGBoost [45], selected for its speed, scalability, and effectiveness on imbalanced classification tasks (Figure191

1-(3)). To prevent data leakage and ensure generalization across protein structures, we employed a group-192

aware splitting strategy: both the train/test split (80/20) and the 5-fold cross-validation for hyperparameter193

tuning were performed such that all pockets from the same protein were consistently assigned to a single194

partition. Hyperparameters were optimized via grid search, with model selection based on the average F1195

score across cross-validation folds. To address the substantial class imbalance between allosteric and non-196

allosteric pockets, the scale pos weight parameter, which controls the weight assigned to the positive class,197

was included in the hyperparameter search space. The best-performing configuration was used to retrain198

the model on the full training set and evaluated on the independent test set.199

Evaluation of dynamic feature contribution. To obtain robust performance estimates, the full train-200

ing and evaluation pipeline was repeated across 50 random group-based train/test splits. This procedure201

was applied to the static baseline model, as well as to models augmented with dynamic features from MD202
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simulations or AlphaFlow-generated conformational ensembles. To ensure a fair comparison between MD-203

and AlphaFlow-derived features, only entries with fewer than 862 residues were retained, as this represented204

the upper length limit for AlphaFlow, resulting in 339 entries (7,779 pockets, non-allosteric-to-allosteric205

ratio ∼22:1). Performance was evaluated primarily using the F1 score, given the strong class imbalance;206

precision, recall, MCC, AUC-ROC, and AUC-PR were additionally computed.207

Benchmarking against state-of-the-art methods. To compare our approach with existing methods,208

we used the D24 benchmark set from AllositePro [20]. Entries sharing high sequence identity with D24209

proteins were removed from our training dataset using pairwise sequence identity filtering at a 30% threshold,210

yielding a filtered training set of 293 entries (6,704 pockets, class ratio ∼22:1). The final model was trained211

on this filtered dataset using 5-fold group-aware cross-validation to select optimal hyperparameters, followed212

by retraining on the full filtered set. This model was then evaluated on D24 alongside PASSer (ensemble [16],213

AutoML [17], and ranking-based [18] variants), AllosES [24], and APOP [23]. D24 structures were processed214

using the same pipeline applied to our main dataset: ligands, solvent molecules, and ions were removed, and215

for each entry, only the single functional chain annotated as allosteric in the AllositePro set was retained216

(Supplementary Table S2). The pocket closest to the bound modulator was labeled as the allosteric site,217

resulting in exactly one positive entry per structure. For all methods, precision, recall, F1-score, MCC, AUC-218

ROC, and AUC-PR were computed; for methods providing only ranking scores (APOP, PASSer-ranking),219

all positively ranked pockets were treated as predicted positives prior to metric computation.220

Results221

Modulator Presence Introduces a Systematic Bias in Fpocket Descriptors222

When fpocket is applied directly to a holo structure without prior removal of the allosteric modulator, the223

resulting pocket descriptors can differ substantially from those obtained after pre-cleaning. We refer to224

these two strategies as biased (no pre-cleaning) and unbiased (pre-cleaned structure) throughout this work.225

We identified two sources of inconsistency introduced by the biased approach. First, in cases where the226

allosteric modulator is a modified amino acid, fpocket may incorporate it into the pocket definition or even227

construct a pocket around it, directly biasing the pocket geometry and composition. Second, and more228

systematically, we observed that while fpocket does not consider the modulator during pocket detection,229

it appears to include it during feature calculation. In particular, SASA values are computed over the full230

structure including the modulator, which artificially reduces the solvent-exposed area of the allosteric pocket231

in the biased case. Since the fpocket score and druggability score are derived from regression formulas that232

incorporate SASA, this propagates into a systematic upward shift of these scores for allosteric pockets in233

the biased dataset. This effect is clearly visible in the score distributions (Figure 2A): while non-allosteric234

pockets show nearly identical distributions between the biased and unbiased configurations, allosteric pockets235

exhibit a pronounced rightward shift in fpocket score and druggability score under the biased configuration.236

Manual inspection of individual entries (Figure 2B-C, Supplementary Table S3) confirmed that the primary237

differences between biased and unbiased descriptors are concentrated in fpocket score, druggability score, and238

SASA-related features, while geometric descriptors such as volume, alpha-sphere statistics, and flexibility239

remained largely unchanged.240
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B

C

A

Figure 2: Comparison of fpocket descriptors between biased and unbiased configurations. (A)
Kernel density estimates of fpocket score and druggability score across all detected pockets, split by allosteric
and non-allosteric labels. (B) 1MC0 and (C) 3F1O allosteric binding sites shown in biased (modulator
present) and unbiased (modulator removed) configurations. Left: full protein structure (cartoon) with
allosteric residues (marine sticks) and modulator (magenta sticks). Right: zoomed surface views of the
allosteric pocket (marine) with (top) and without (bottom) the modulator (magenta surface). Removal
of the modulator affects the fpocket score (and potentially the pocket rank), druggability score, and total
SASA, illustrating the systematic bias introduced when fpocket is applied to holo structures.

The impact of this data leakage is directly reflected in model performance (Table 1): models trained241

on the biased dataset achieve substantially higher F1 scores than those trained on the unbiased dataset.242
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However, this apparent performance gain is artifactual: feature importance analysis (Supplementary Figure243

S1) confirms that the fpocket score is the dominant predictor in the biased setting, disproportionately driving244

classification due to its artificially inflated values for allosteric pockets. This inflated performance does not245

reflect the model’s ability to identify genuine allosteric features, and cannot be used as a reliable estimate246

of predictive performance.247

Table 1: Model performance on biased and unbiased datasets, averaged over 50 random seeds.
For each dataset, results are reported for the fpocket-only baseline and AlloDyn models augmented with
MD- or AlphaFlow-derived (AF) dynamic features. Values are reported as mean ± standard deviation of
test set performance across the 50 splits.

Source Model Precision Recall F1 MCC AUC ROC AUC PR

Biased Baseline 0.57 ± 0.05 0.65 ± 0.09 0.60 ± 0.05 0.59 ± 0.05 0.94 ± 0.02 0.61 ± 0.06
AlloDyn (Fpocket+MD) 0.54 ± 0.03 0.69 ± 0.09 0.61 ± 0.04 0.59 ± 0.05 0.95 ± 0.01 0.59 ± 0.04
AlloDyn (Fpocket+AF) 0.56 ± 0.05 0.68 ± 0.08 0.61 ± 0.05 0.60 ± 0.05 0.95 ± 0.02 0.62 ± 0.05

Unbiased Baseline 0.46 ± 0.06 0.41 ± 0.06 0.43 ± 0.05 0.41 ± 0.05 0.86 ± 0.03 0.40 ± 0.06
AlloDyn (Fpocket+MD) 0.48 ± 0.06 0.42 ± 0.05 0.45 ± 0.05 0.43 ± 0.05 0.86 ± 0.02 0.41 ± 0.06
AlloDyn (Fpocket+AF) 0.48 ± 0.06 0.42 ± 0.06 0.45 ± 0.05 0.43 ± 0.05 0.87 ± 0.02 0.40 ± 0.06

Taken together, these findings indicate that applying fpocket to uncleaned holo structures introduces a data248

leakage: allosteric pockets receive artificially inflated scores due to the presence of the modulator, making249

them easier to classify for reasons unrelated to genuine structural features. The unbiased preprocessing250

strategy, in which the modulator is removed prior to pocket detection, eliminates this artifact and provides251

a more reliable basis for model training and evaluation.252

Dynamic Feature Augmentation Improves Allosteric Site Prediction253

To evaluate the contribution of dynamic features to allosteric site prediction, we compared models trained254

on fpocket descriptors alone (baseline) to those augmented with dynamic features derived from MD simu-255

lations or AlphaFlow-generated conformational ensembles, using the unbiased dataset. Model training and256

evaluation were repeated across 50 random group-based train/test splits. Statistical significance of perfor-257

mance differences was assessed using two-tailed paired t-tests on matched splits, after confirming normality258

of all metric distributions with the Shapiro–Wilk test (p > 0.05); effect sizes were quantified using Cohen’s259

d (more details in Supplementary Table S4).260

Both AlloDyn variants significantly outperformed the static baseline across multiple metrics (Table 1). For261

F1 and MCC, improvements were statistically significant (∗∗p < 0.01) with small effect sizes (|d| ≈ 0.4). For262

AUC-PR, the MD-augmented model reached a medium effect size (|d| = 0.56, ∗∗∗p < 0.001). Models trained263

on MD- and AlphaFlow-derived features performed comparably across all metrics, with no statistically264

significant difference between the two conformational sources for F1 and MCC (p > 0.98, |d| ≈ 0.00). This265

indicates that AlphaFlow-generated ensembles can serve as a computationally efficient alternative to MD266

simulations within the current classification framework.267
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Comparison with State-of-the-Art Methods268

AlloDyn was evaluated on the D24 benchmark set against PASSer (ensemble [16], AutoML [17], and ranking-269

based [18] variants), AllosES [24], and APOP [23]. For this evaluation, the AlloDyn model was trained270

using AlphaFlow-generated conformational ensembles as the source of dynamic features. All methods were271

evaluated using the same set of classification metrics (Table 2). For methods providing only ranking scores272

(APOP, PASSer-ranking), all positively ranked pockets were treated as predicted positives when computing273

classification metrics. The number of evaluated pockets (N) varies across methods. AlloDyn and PASSer274

operate on the same pocket set (N = 645). The small discrepancy for APOP (N = 641) arises from its275

mandatory removal of non-standard amino acids during preprocessing, which introduces gaps in the sequence276

and alters the alpha-sphere clustering step in fpocket, resulting in slightly different pocket definitions for a277

small number of entries. For AllosES, the use of an older version of fpocket in combination with non-standard278

amino acid removal led to a substantially different pocket set (N = 305).279

Table 2: Performance comparison of allosteric site prediction methods on the D24 benchmark.
Metrics are reported at the pocket level. N denotes the number of evaluated pockets. Best values per
column are shown in bold.

Method Precision Recall F1 MCC AUC-ROC AUC-PR N

AlloDyn 0.52 0.50 0.51 0.49 0.93 0.44 645
APOP 0.09 0.95 0.17 0.23 0.93 0.52 641
AllosES 0.24 0.79 0.37 0.37 0.86 0.54 305
AllosES∗ 0.60 0.27 0.38 0.39 0.90 0.41 645
PASSer-automl 0.50 0.27 0.35 0.35 0.91 0.32 645
PASSer-ensemble 0.45 0.23 0.30 0.31 0.86 0.38 645
PASSer-rank 0.21 0.14 0.17 0.15 0.84 0.28 645

∗Re-evaluated with fpocket v.4 to match the pocket set used by all other methods (N = 645).

Figure 3 illustrates representative prediction outcomes on the D24 benchmark. Panel A shows a prediction280

example for 4OYA A, human soluble adenylate cyclase, demonstrating the discriminative power of AlloDyn:281

while AllosES and PASSer variants assign the correct allosteric pocket a lower score and instead prioritize a282

distant, non-allosteric cavity, AlloDyn correctly identifies it as the top prediction. Panels B–C illustrate the283

fundamental limitation imposed by the pocket detection step: for 5J94 A and 4NHV A, no fpocket-detected284

pocket falls within the 10 Å labelling threshold of the allosteric modulator, meaning all pockets were labelled285

as non-allosteric and the correct site could not be recovered by any method. Detailed predictions for all D24286

entries across all compared methods are provided in Supplementary Figures S2–S4.287
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Figure 3: Representative allosteric pocket predictions on the D24 benchmark. (A) Prediction
comparison for 4OYA A. The correct allosteric pocket is ranked first by AlloDyn (green, buried pocket, 2.5
Å from modulator) and APOP (blue, larger binding-site representation). The difference in pocket extent
between the two methods arises from APOP’s removal of modified residues during preprocessing. AllosES
and PASSer variants assign a lower rank to the correct allosteric pocket, instead prioritizing a distant pocket
(orange, 15.3 Å from the modulator) as their top prediction. Modulator is shown in pink (sticks). (B–C)
Failure cases for 5J94 A and 4NHV A, respectively. No fpocket-detected pocket falls within the 10 Å labelling
threshold of the allosteric modulator (pink sticks), showing that prediction performance is fundamentally
constrained by the pocket detection step in these cases. The three closest detected pockets are shown: the
nearest (magenta), second nearest (cyan), and third nearest (yellow). Protein surface is shown in light gray.

Among all evaluated methods, AlloDyn achieves the best balance between precision and recall, yielding288

the highest F1 score (0.51) and MCC (0.49, Table 2). APOP attains the highest recall (0.95) together with289

a competitive AUC-PR (0.52), but at the cost of very low precision (0.09), indicating that a large fraction of290

detected pockets are predicted as allosteric, leading to numerous false positives. Similarly, AllosES achieves291

the highest AUC-PR (0.54), suggesting strong ranking performance across thresholds, but its lower precision292

results in reduced F1 and MCC scores compared to AlloDyn. PASSer variants show moderate and consistent293

performance across metrics, with PASSer-AutoML performing best within the family. These results indicate294

that while APOP and AllosES are effective at assigning elevated scores to allosteric pockets, they tend295

to overpredict positive sites. In contrast, AlloDyn provides a more balanced tradeoff between sensitivity296

and specificity, leading to more reliable threshold-based classification performance. In practical applications,297

where experimental validation of predicted allosteric sites is costly, reducing false positives while maintaining298

competitive recall may represent a more useful operating regime.299

Discussion300

This study investigated whether dynamic features derived from conformational ensembles can improve al-301

losteric site prediction beyond what is achievable with static fpocket descriptors alone. Using a curated302
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dataset of annotated allosteric and non-allosteric pockets, we trained and evaluated XGBoost classifiers303

on static features, conformational ensemble-derived dynamic features (MD or AlphaFlow-generated). Our304

results show that dynamic feature augmentation significantly improves classification performance when struc-305

tures are properly preprocessed, while also revealing several methodological bottlenecks that limit the utility306

of dynamic descriptors in the current framework.307

Pocket detection constitutes the first and most critical step in our pipeline, and its accuracy directly308

determines the upper bound of downstream prediction performance. When fpocket is applied to holo struc-309

tures without prior removal of the allosteric modulator, SASA-based descriptors are computed over the full310

structure including the modulator, artificially inflating the fpocket score and druggability score for allosteric311

pockets. This constitutes a data leakage that leads to overoptimistic performance estimates. Removing the312

modulator prior to pocket detection eliminates this artifact and provides a more reliable basis for model313

training. Beyond preprocessing, fpocket may simply fail to detect the correct allosteric pocket in some314

cases, as illustrated by the two D24 entries (5J94 A and 4NHV A) where no detected pocket fell within the315

labelling threshold of the modulator. In such cases, no downstream method can recover the correct site,316

highlighting the fundamental dependency of our approach on pocket detection quality.317

Despite the dominance of static descriptors, dynamic feature augmentation led to a statistically significant318

improvement in F1 score on the unbiased dataset. Notably, some static fpocket descriptors (in particular319

the fpocket score and druggability score) remained among the top predictors across all settings, reflecting320

their strong discriminative power even in the absence of dynamic information. These results suggest that321

dynamic features are most informative when the allosteric pocket is accurately identified, highlighting the322

dependency of dynamic descriptors on the quality of the initial pocket definition.323

Dynamic features were computed by anchoring to the set of pocket-forming residues identified in the324

experimental structure. While this provides a consistent reference across conformations, it is an approxima-325

tion: the true pocket boundary may shift during simulation, and transient or cryptic regions may not be326

captured by residues defined on a single static structure. More sophisticated pocket tracking strategies, such327

as ensemble-based pocket detection or adaptive residue mapping across conformations, could improve the328

accuracy of dynamic descriptors. Furthermore, obtaining pocket-level features requires a double aggrega-329

tion - from the conformational ensemble to per-residue features, and then from residues to the pocket level330

- which inevitably discards spatial and temporal resolution. More expressive architectures, such as graph331

neural networks with learnable aggregation, could better preserve this information and more fully exploit332

the rich structural information contained in conformational ensembles.333

Correlation-based features capture residue-residue communication patterns that are conceptually well-334

suited to allosteric regulation. However, their computation requires knowledge of which residues belong to335

each pocket, and the current approach uses all detected pockets for inter-pocket correlation calculations336

due to the absence of explicit orthosteric site annotations in the dataset. This introduces noise in the337

inter-pocket and global connectivity features, as non-functional pockets are treated on equal footing with338

biologically relevant ones. Future work incorporating orthosteric site annotations would allow more targeted339

and interpretable correlation descriptors.340
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Despite known structural imperfections such as occasional atomic clashes, models trained on AlphaFlow-341

derived dynamic features achieved performance comparable to those using MD-derived ensembles, with no342

statistically significant differences. A current limitation of AlphaFlow is that it operates on single protein343

chains, whereas MD simulations can accommodate multimeric complexes. For proteins whose allosteric344

regulation depends on inter-chain interactions, this represents a meaningful constraint. Nevertheless, for345

monomeric systems, AlphaFlow offers a practical and computationally efficient alternative to MD for con-346

formational sampling in this context.347

Overall, our results demonstrate that integrating dynamic features into allosteric site prediction is a348

promising direction, but its effectiveness is conditioned on reliable pocket detection, accurate structural349

annotations, and sufficiently expressive feature representations. Expanding annotated datasets with orthos-350

teric site information and developing architectures capable of learning directly from raw conformational351

ensembles are key directions for future work.352

Data and code availability353

The source code and training datasets are publicly available on GitLab at https://gitlab.inria.fr/354

vpryakhi/AlloDyn.355
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1. Introduction 

Respiratory viruses such as Influenza viruses and Respiratory Syncytial Virus (RSV) have long been 
major causes of hospitalizations due to acute respiratory infections, with SARS-CoV-2 emerging as a 
major global health threat in recent years. Tracking the emergence, evolution, and spread of these 
viruses is crucial for anticipating epidemic progression and implementing measures to mitigate public 
health impacts.  

Recent progress in genomic surveillance has enabled the establishment of highly robust systems for 
monitoring epidemics. For instance, full-genome viral sequencing facilitates near real-time tracking of 
viral evolution through the construction and continuous updating of phylogenetic trees. These 
capabilities further support the development of standardized lineage nomenclatures for tracking viral 
clades of concern, detecting evolutionary events such as recombination and reassortment (in 
segmented viruses), and monitoring the emergence of concerning mutations. 

These mutations of concern typically fall into several categories: host-adaptive mutations (e.g., 
facilitating transmission of influenza viruses from avian to human hosts), immune evasion mutations, or 
antiviral resistance mutations (conferring reduced susceptibility to therapeutic agents, often known as 
Drug Resistance Mutations or DRMs). Surveillance systems must enable the rapid and accurate 
detection of these mutations through routine genomic sequencing to facilitate timely public health 
response on an individual (e.g. for custom treatments) or a global scale (e.g. surveillance of mutational 
profile in the population). Crucially, monitoring must capture these variants whether they dominate viral 
populations or remain at low frequencies, as both contexts inform predictions regarding treatment 
outcomes and evolutionary trends. 

In this context, bioinformatics tools play a crucial role. They must i) accurately analyze complete genome 
sequences from routine surveillance data (and integrate themselves easily in already existing 
workflows), ii) detect early indicators such as low-frequency mutations, and iii) rely on complete, flexible, 
and regularly updated mutation databases. 

Several bioinformatics tools have been developed to identify mutations of concern, typically by aligning 
query sequences to reference genomes and matching the detected variations against curated catalogs 
of known mutations. However, most of these approaches fail to satisfy every requirement outlined above. 
Specifically, tools like Flu/RSVSurver (FluSurver, n.d.), Sierra (Tzou et al., 2022), and BMA 
(Salvatierra & Florez, 2016) operate exclusively on consensus sequences, precluding the analysis of 
low-frequency minor (intra-host) variants. Meanwhile, specialized tools including SABRes (Fong et al., 
2023), HerpesDRG (Charles et al., 2024), and DR_SEQUAN (Garriga & Menéndez-Arias, 2006) are 
limited to specific viral species with restricted configurability. 
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To overcome these limitations, we developed DrMab, a comprehensive and flexible framework that 
analyzes viral whole-genome viral data (already assembled genomes or raw reads) to identify mutations 
of concern at the viral population level. To do so, it leverages a curated database of mutations or a user 
provided list of mutations. 

2. DrMab framework 

DrMab functionalities 
DrMab comprises two core modules. The first is a manually curated and continuously updated database 
of mutations of concern for SARS-CoV-2 (based on the Cov-RDB database; Tzou et al., 2022), influenza 
viruses (based on the WHO guidelines ; WHO, n.d.), several avian influenza (list of mutations curated 
by experts and based on literature review) and RSV (based on the Virus French Resistance 
database ; Virus French Database, n.d.), reflecting current knowledge regarding variant functional 
impacts. In total, 806 mutations for 18 strains of viruses are recorded on our database. The second 
module consists of a Nextflow-based computational workflow that processes FASTQ, FASTA, and VCF 
inputs alongside configurable resources, including the mutation database and corresponding reference 
genomes. 

The workflow is designed to limit manual intervention, and executes the following steps, depending on 
the kind of inputs: For FASTQ files, the pipeline first selects the most appropriate reference genome for 
each sample and maps the reads with minimap2 (Li, 2021). It then executes two concurrent variant-
calling procedures: one to detect minor variants (intra-host variants) and another to generate a 
consensus sequence. The consensus - generated with iVar (Grubaugh et al., 2019) - is aligned with 
MAFFT (Katoh et al., 2019) to the reference coordinate system (against which database mutations are 
annotated) to identify major variants for comparison against the curated database. Simultaneously, 
minor variant coordinates - estimated with iVar - are converted to this standardized reference 
framework prior to database screening. When VCF files are provided, the workflow bypasses alignment 
and variant calling, proceeding directly to coordinate standardization and extraction of mutations of 
concern. In all cases, nucleotide sequences of all ORFs as defined in a reference gff annotation file 
(even when they are overlapping or subjected to frameshift) are translated into amino acids. This is done 
using a dedicated tool for minor variants and with goalign (Lemoine & Gascuel, 2021) for consensus 
sequences, and accounts for multiple minor variants occurring within individual codons and 
appropriately handles degenerate nucleotides codes. Figure 1 illustrates the simplified FASTQ 
processing subworkflow. 

The DrMab workflow generates two primary outputs: 

- A list of minor variants of concern: these are low frequency mutations  
- A list of dominant variants of concern: these are present in the consensus sequence 

Both types are classified as:  

-  "True" (the specific mutation of concern), 
-  "Positional" (mutations at the same site as a known variant but with a different amino acid), or 
-  "Potential" (inferred from degenerated codons, applicable only to dominant variants).  

In these outputs, each entry includes additional descriptive metadata such as:  

- The type of mutation (DRM, vaccine-induced immunity escape, host-adaptation), as described 
on the curated databases. 

- The variant's predicted functional consequences (level of reduced sensitivity, modifications of 
cellular tropism, premature stop codon potentially making the protein non-functional, etc.). 
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Figure 1 DrMab FASTQ Workflow. 

DrMab implementation 
The DrMab workflow is developed using Nextflow, a choice that guarantees reproducibility, scalability, 
and component reusability. By isolating each analytical step within dedicated software environments 
(containers), the pipeline ensures straightforward setup, deployment, and maintenance. 

Designed with modularity in mind, DrMab offers distinct subworkflows tailored to specific input types 
(FASTA, FASTQ, and VCF) and includes dedicated pipelines for analyzing detected DRMs. It provides 
specialized analytical branches for RSV, SARS-CoV-2, and Influenza datasets, all of which utilize a 
common foundation of base modules to ensure consistency and reusability across workflows. 

DrMab is publicly available at https://gitlab.pasteur.fr/cnrvir/pipelines/drmab/.  

Together, these features establish DrMab as a versatile, modular platform for variant-of-concern analysis 
in the context of epidemic monitoring. 

3. Use cases 

DrMab is currently used by the National Reference Center for Respiratory Viruses to detect DRMs and 
other concerning mutations in influenza, RSV, and SARS-CoV-2 samples collected in France. We 
evaluated DrMab on two distinct datasets: 1) 386 French H1N1pdm samples collected during the 2024-
2025 epidemic season, and 2) 858 French RSV samples from the 2025 POLYRES Cohort (Fourati et 
al., 2026). We finally compared the results obtained with DrMab and FLU/RSVSurver. 

Analysis of the H1N1pdm dataset 
The H1N1pdm dataset revealed rare and sporadic emergences of resistance mutations, with no clear 
spatial nor temporal pattern (Table 1). Most of these mutations (except H275Y) confer only mild or low 
resistance to treatments targeting NA or PA segments. Our findings show no evidence of fixation of 
these mutations, indicating that such mutational profiles were likely outcompeted and eliminated from 
viral populations due to fitness costs. 

Table 1 H1N1pdm influenza samples from France’s 2024-2025 season with detected DRMs in the NA or PA segments. The 
"Resistance" column specifies the affected antiviral treatment and its resistance level (in parentheses), while the "Mutation" column 
shows the frequency of each mutation in sequencing reads (as a percentage). Sample origins are listed by French administrative 
region. The bold line indicates the minor variant not detected by FLUSurver (written as H275X instead of H275Y). 

ID  
(EPI_ISL) 

Mutation 
(frequency) 

Resistance against (level) Location Date 

19850563 NA:H275Y(0.46) Oseltamivir, Peramivir(strong), zanamivir, laninamivir(low) Basse-Normandie  2025-03-21 
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19850562 NA:H275Y(1) Oseltamivir, Peramivir (strong), zanamivir, laninamivir (low) Basse-Normandie  2025-02-21 

19669923 NA:I223T(1) Oseltamivir (mild), Zanamivir, Peramivir, Laninamivir (low) Île-de-France 2024-12-20 

19690751 PA:I38V(1) Baloxavir (low) Nord-Pas-de-Calais  2024-12-24 

19554791 NA:S247N(1) Oseltamivir, Zanamivir, Peramivir, Laninamivir (low) Alsace  2024-10-29 

19655854 NA:S247N(1) Oseltamivir, Zanamivir, Peramivir, Laninamivir (low) Alsace  2024-12-02 

19669949 NA:S247N(1) Oseltamivir, Zanamivir, Peramivir, Laninamivir (low) Nord-Pas-de-Calais  2024-12-17 

Analysis of the RSV 2025 dataset 
Regarding the RSV dataset, we aimed to evaluate the introduction of Nirsevimab in France by 
comparing mutational profiles between breakthrough samples (treated infants that are nonetheless 
infected by the virus ; n = 419) and untreated control samples (untreated infants ; n = 439) during the 
2024–2025 epidemic season. Among breakthrough samples, DrMab identified DRMs in 2 RSV-A and 
23 RSV-B samples, including 7 minor variants present at low frequencies (<50%). The lack of 
evolutionary clustering in these resistance patterns (no clear grouping by clade) suggests sporadic 
emergence (convergence) rather than lineage-driven propagation (Figure 2). Intriguingly, only one DRM 
was detected nearly twelve months post-treatment, indicating that while most resistance mutations are 
rapidly eliminated in the absence of continued selective pressure, rare instances of persistence may 
occur without achieving broader epidemic spread (Fourati et al., 2026). 

 

Figure 2 RSVB Phylogeny of RSVB samples from the POLYRES study. This phylogeny has been inferred from the full-length 
genome sequences with a Maximum-Likelihood approach (GTR model, bootstrap of 1000). Tip color indicates the breakthrough 
(blue), unexposed (yellow), or external sequences used as a context for this analysis (black). The colored ribbon around the tree 
indicates the RSV lineages to which the tips belong. Branches with a bootstrap value of 90% or higher are highlighted with a 
thicker line. Green lines pinpoint individuals with mutations of interest on epitope Φ of the F protein. Green dashed lines pinpoint 
individuals where those mutations are found in minor populations (>10% and >20% as represented in the figure). Resistance-
associated substitutions co-occurring in the same viral population are separated with a « + » sign. Red stars show the co-occurring 
mutations not detected by RSVSurver. This phylogeny has been inferred with IQ-TREE (v2.2.5). The full version of this Figure 
can be found in Fourati et al., study (2026). 
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4. Conclusion 

Altogether, these results show that DrMab is a robust and adaptable framework designed for routine 
and large-scale surveillance of clinically relevant mutations in major respiratory viruses, as well as for 
sporadic viral population / cohort analyses. DrMab requires few inputs, with only a predefined list of 
concerning mutations and a reference genome that can be both customized by the user, making it a 
generic framework adaptable to many viruses. Our validation across two datasets demonstrated its 
accuracy in detecting key mutations. 

The National Reference Center for Respiratory Viruses now routinely uses DrMab to detect DRMs in 
influenza, RSV, and SARS-CoV-2 samples from France. Beyond standard surveillance, the tool is also 
applied in targeted scenarios, such as tracking resistance in treated patients. 

Future development will focus on identifying co-occurring mutations within viral populations through 
haplotype estimation, as certain influenza DRMs exhibit enhanced resistance when combined (e.g., with 
tools such as Haploflow, Virus-VG or SAVAGE (Baaijens et al., 2017, 2019; Fritz et al., 2021). 
Additionally, we plan to include phylogenetic placements of query sequences on reference trees, 
enabling evolutionary interpretations of the detected variants. Finally, we plan to extend DrMab to 
support other viruses through updates of the database. DrMab is available as a standalone workflow for 
local or high-performance computing environments and will soon be accessible via a dedicated web 
platform. 
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Abstract
The Kyoto Encyclopedia of Genes and Genomes (KEGG) enables the modelling of biological

systems as integrated graphs, where directed metabolic networks capture reaction flows and

undirected genomic graphs encode chromosomal proximity of enzyme coding genes. However,

constructing these graphs at the scale of complete bacterial organisms remains challenging

due to two limitations: web based API access is constrained by rate limits triggering temporary

IP blocks, and existing tools are typically restricted to the scale of pathway analysis. Here we

present a framework for the fast and robust construction of whole organism metabolic and

genomic graphs from KEGG data. Our approach combines a concurrency model with proxy

rotation to overcome web access bottlenecks, specialised parsers for tab-delimited and KGML

formats, and an embedded analytical database for efficient storage. For graph construction,

we introduce optimised methods that handle real world data complexities, including multiple

genomic intervals per gene and uncertain boundary annotations. This enables, to the best of

our knowledge, the first systematic construction of integrated graphs at the scale of complete

bacterial genomes and entire metabolisms. By overcoming previous scalability barriers, our

framework provides the foundation for applying advanced trail finding algorithms to reveal how

metabolic function and genomic organisation co-evolve across the bacterial domain, moving

beyond isolated pathways towards whole-organism comparative analysis.
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Introduction2

The Kyoto Encyclopedia of Genes and Genomes (KEGG) was established in 1995 as a knowl-3

edge base for the systematic analysis of gene functions, with the ambitious goal of linking genomic4

information to higher order functional insights (Ogata et al., 1999). From its inception, KEGG5

has been structured around three core databases: the PATHWAY database for the graphical6

representation of biochemical pathways, the GENES database for consistently annotated gene7

catalogs from complete genomes, and the LIGAND database for chemical compounds and en-8

zymes. By integrating genomic, chemical, and systemic functional information, KEGG serves as9

an indispensable reference for interpreting sequence data and understanding cellular processes,10

providing a foundational resource for applications ranging from the reconstruction of metabolic11

pathways to the analysis of gene expression profiles.12

The utility of KEGG extends far beyond simple data retrieval. As demonstrated in studies such13

as Zaharia et al., 2019, KEGG data enables sophisticated integrative analyses that simultaneously14

consider metabolic pathways and genomic context. Their CoMetGeNe pipeline leverages KEGG’s15

rich annotations to identify conserved metabolic and genomic patterns across multiple species,16

revealing how evolutionary pressures shape the organization of enzyme coding genes and their17

corresponding reactions. Such approaches exemplify the growing recognition that biological func-18

tion emerges not from isolated components but from the complex interplay between metabolic19

networks and genomic architecture.20

Accessing KEGG data programmatically has been facilitated through various software tools21

over the years. The KEGG API provides RESTful web services that allow automated retrieval of22

database entries, forming the backbone for numerous analysis pipelines. Early tools like KEGG-23

graph (Zhang and Wiemann, 2009) introduced graph based approaches to pathway analysis in24

R, capturing pathway topology for the first time. Specialized query systems such as IsoKEGG25

(Sultana et al., 2010, 2014) further expanded the possibilities by enabling logic based pathway26

queries using subgraph isomorphism, allowing researchers to retrieve pathways based on struc-27

tural patterns. Integration tools like BiKEGG (Jamialahmadi et al., 2016) have bridged KEGG28

with other databases such as BiGG, facilitating cross database analyses. More recently, packages29

such as kegg_pull (Huckvale and Moseley, 2023) have improved accessibility through robust30

Python implementations that handle multiprocessing and fault tolerant retrieval. However, these31

tools share fundamental limitations inherent to web-based data access, namely rate limits that32

can result in temporary IP blocks, combined with a lack of built-in proxy support for large-scale33

concurrent requests. While kegg_pull’s authors provide recommendations for sleep times to34

mitigate throttling, such measures necessarily trade speed for reliability, and the underlying35

constraints of operating within KEGG’s API limits remain unchanged.36

Despite these persistent constraints on data access, a particularly powerful paradigm that37

has emerged from KEGG’s pathway representation is the modeling of biological systems as38

graphs. In this framework, metabolic pathways are represented as directed graphs where ver-39

tices correspond to enzymes (or reactions) and arcs represent substrate-product relationships40

between sequential reactions. Concurrently, genomic context can be modeled as an undirected41

graph where edges connect genes that are physically close on the chromosome. This dual graph42

representation (Zaharia et al., 2019) captures the fundamental insight that enzymes catalyzing suc-43

cessive reactions are often encoded by neighboring genes, reflecting evolutionary optimization of44

co-expression and functional coordination. The graph abstraction enables rigorous computational45

approaches: searching for maximum span trails in the metabolic graph whose vertex sets induce46

a single connected subgraph in the genomic graph reveals functionally coherent modules that47

transcend traditional operon definitions. These trails can subsequently be used for cross-species48

comparison, by grouping them based on shared reactions or conserved gene neighborhoods, to49

reconstruct phylogenetic relationships and trace the evolutionary history of metabolic pathways.50

Despite the conceptual elegance of graph based representations, existing implementations51

have been constrained by computational complexity and scope. Early algorithms such as HNET52

(Zaharia et al., 2019) demonstrated the feasibility of identifying conserved metabolic genomic53

patterns but were limited to pathway by pathway analysis. Subsequent work by Ahmed Sidi,54

2
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2022; Ahmed Sidi et al., 2025 developed more efficient exact methods based on integer linear55

programming and constraint programming, demonstrating improved scalability on individual56

pathway instances. However, the N P-hard complexity of the underlying problems imposed57

fundamental scalability limitations, preventing exact methods from extending beyond isolated58

pathway boundaries to encompass entire metabolic networks. Moreover, the reliance on KEGG’s59

predefined pathway boundaries potentially fragments biologically meaningful patterns that span60

multiple pathways.61

Recent algorithmic advances by Cabret et al., 2025 have improved this situation. Their binary62

integer programming model for finding maximum coverage trails in metabolic networks subject to63

genomic constraints achieves computational speedups of nearly 3000 times compared to previous64

approaches, allowing it to scale to networks with thousands of vertices. This development now65

makes it possible to begin systematic construction and analysis of integrated metabolic genomic66

graphs at the scale of complete bacterial genomes and full metabolisms. By considering all67

reactions and genes simultaneously, rather than focusing on individual pathways, this approach68

may help uncover broader organizational principles and evolutionary patterns that previous69

computational limitations made difficult to access. Additionally, their approach to generating70

biologically realistic benchmark instances through gamma-distributed degree sampling provides71

a way to create validation data that reflects true biological network properties. This offers an72

alternative to relying solely on simplified random graph models.73

The convergence of rich KEGG data resources, sophisticated graph theoretic modeling frame-74

works, and increasingly more powerful algorithmic solvers creates an unprecedented opportunity75

to understand how metabolic function and genomic organization co-evolve across the bacterial76

domain. Realizing this opportunity, however, requires robust infrastructure for constructing77

integrated metabolic genomic graphs from KEGG data that can leverage these new computational78

capabilities. In this paper, we present a novel approach that addresses this need through two key79

contributions:80

• Section 2 details a faster and more robust methodology for retrieving KEGG data, which81

overcomes the bottlenecks of web-based access through a concurrency model with proxy82

rotation and efficient parsing;83

• then Section 3 introduces a graph construction framework operating at the scale of whole84

metabolisms and complete genomes, introducing optimized methods for building both85

directed metabolic graphs and undirected genomic graphs that handle real-world data86

complexities.87

By moving beyond previous pathway-centric methods, this combined framework enables the88

application of advanced trail finding algorithms to complete bacterial systems.89

Retrieving data from KEGG90

To enable the scalable and robust construction of integrated metabolic genomic graphs at91

the scale of complete bacteria, our data retrieval pipeline is engineered as a cohesive system92

of four interdependent components. The process begins by programmatically contacting the93

KEGG REST API through a dedicated interface, after which the returned data, ranging from94

tab-delimited records to complex XML based KGML files, is parsed using specialized libraries95

tailored to each format. To overcome the inherent limitations of web-based access, including rate96

limits and the risk of temporary IP blocks, a sophisticated concurrency model manages thousands97

of parallel requests through a lock-free proxy rotation scheme, ensuring both speed and reliability.98

Finally, all retrieved and parsed data is efficiently stored in an embedded analytical database,99

where a carefully designed schema and bulk insertion strategy preserve referential integrity100

while maximizing throughput. Together, these elements form the foundation for acquiring the101

comprehensive, high quality datasets required for downstream graph analysis.102

Concurrency model103

The large number of independent web requests required to retrieve complete KEGG data for104

thousands of organisms makes concurrency essential. We therefore implement a thread pool to105

3
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manage these requests. Since most of the time in each request is spent waiting for a response106

from the KEGG server, the pool is deliberately oversized, and we create 25 times the number of107

logical processor threads. This over-subscription ensures that while some threads are blocked on108

I/O, others can continue making progress, thereby maximising network utilisation.109

A critical challenge when issuing many requests to the same public API is the risk of temporary110

IP blocks. To mitigate this, we obtain before data retrieval begins a list of public proxies drawn111

from monosans/proxy-list, an hourly updated repository of freely available proxies scraped from112

diverse sources and validated for reliability. Each proxy is then tested for reachability, requiring a113

successful connection attempt to the KEGG website within 10 seconds and allowing up to three114

retries. Proxies that pass this filter are stored in a global list alongside a flag indicating whether115

they are currently in use and an optional timestamp of the last failure. This list is fixed for the116

duration of the run and provides the pool of proxies used for all requests.117

Access to this shared list must be efficient and must not become a bottleneck. We therefore118

implement a lock-free proxy rotation scheme. Lock-free algorithms guarantee system-wide119

progress even if individual threads are delayed, and they avoid the overhead of kernel-space120

locking. Specifically we use the test and test-and-set idiom. A thread repeatedly reads the state121

of a randomly chosen proxy; only if the proxy appears free does it attempt to claim it with an122

atomic exchange. If the exchange succeeds, the thread proceeds to use the proxy. Should the123

request later fail with an HTTP status of 400 or higher, which indicates a client or server error,124

the proxy is marked as temporarily unavailable and a 5 second timeout is recorded. This timeout125

value follows the recommendation of kegg_pull to avoid hammering a faulty proxy. Because126

the entire selection loop uses only relaxed-order loads and a single acquire-release exchange,127

contention on the proxy list is negligible.128

Each request itself follows a robust retry policy. After a proxy has been acquired, the thread129

issues a GET request with a generous one minute timeout. If the request times out or returns130

an error status, it is retried up to three times. A failed request does not immediately discard the131

proxy; instead the proxy is temporarily penalised (the 5 second timeout) so that other proxies can132

be tried, while a faulty proxy is given time to recover.133

Retrieved responses must be stored in a relational database while preserving referential134

integrity. Because foreign keys must point to existing primary keys, we enforce a strict ordering135

of insertions using the bulk synchronous parallel (BSP) model. The workflow is divided into136

super-steps: first an organism is inserted, then all genes and positions, then enzyme annotations,137

and finally the metabolic graph edges (see Figure 1). A barrier synchronises all worker threads138

at the end of each super-step. The barrier itself is implemented with the low-level atomic_wait139

and notify_all primitives. Threads that finish early start the next super-step up to the point of140

committing to the database; if the remaining threads have not yet reached the barrier, they first141

spin briefly before finally parking on the atomic flag. This hybrid approach avoids excessive142

context switching when the last thread is expected to arrive quickly, while still allowing long143

waits to block efficiently. This design guarantees that no thread ever tries to insert a row that144

references a still missing primary key.145

To further reduce contention, each thread maintains its own database connection in thread-146

local storage. Instead of issuing individual INSERT statements (which would require repeated147

round trips and serialisation), threads accumulate rows in memory and commit them in bulk148

transactions. This approach minimises lock contention on the database and significantly cuts the149

number of inter-thread synchronisation events. Only when a barrier is reached must the threads150

ensure that all their buffered writes have been applied; the atomic wait barrier provides exactly151

that guarantee.152

Contacting the API153

To programmatically access the KEGG REST API, we are using libcurl, a free and portable154

client-side URL transfer library. It supports a wide range of protocols including HTTPS, which is155

required for all of the endpoints, and provides robust features such as persistent connections,156

thread safety, and comprehensive error handling. Its ability to seamlessly handle HTTP and157

SOCKS proxies, including those requiring authentication, is particularly valuable in institutional158
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and high-performance computing environments where direct external access may be restricted.159

By leveraging libcurl, our workflow can reliably retrieve genomic, pathway, and chemical data160

from KEGG while automatically routing traffic through necessary proxy servers, ensuring both161

reproducibility and resilience in diverse network settings.162

Parsing CSV and XML163

The KEGG API returns data in several distinct formats depending on the operation performed.164

Most operations including list, find, conv, and link return tab-delimited text that can be parsed165

line by line, while pathway data retrieved via the get operation with the kgml option is provided in166

the XML-based KGML (KEGG Markup Language) format. These two structural paradigms require167

different parsing strategies: the former demands efficient, type-safe handling of flat records, while168

the latter requires navigating hierarchical relationships between pathway elements. To address169

these requirements, we employ two specialized C++ libraries. For tab-delimited responses, we170

leverage the PEG based parser combinator library lexy to construct declarative grammars that171

map directly onto data structures. For KGML, we utilize the DOM interface provided by pugixml172

to traverse and extract pathway components.173

Parsing Expression Grammars (PEGs) provide a formal and unambiguous method for describing174

machine oriented syntax using ordered choice operators (Ford, 2004). This paradigm was notably175

adopted by the CPython interpreter in Python 3.9 (PEP 617) to lift the LL(1) restrictions and176

simplify grammar maintenance. The practical advantages of this approach are now being demon-177

strated in production database systems, with the recently released DuckDB v1.5.0 adopting a PEG178

based parser to enable runtime extensibility and deliver significantly improved error messages179

and auto-completion. This validation in a high-performance setting reinforces our choice of a180

PEG based solution for the KEGG parsing task. To process KEGG’s tab-delimited outputs, we im-181

plement this approach using lexy, a C++ parser combinator library. Its expressive domain-specific182

language embeds grammars within the code, mirroring the structure of handwritten recursive183

descent parsers while providing explicit control over backtracking through branch conditions.184

This design avoids the performance pitfalls common in traditional PEG implementations. By185

constructing specialized grammars, we ensure type-safe and zero-copy parsing, complete with186

robust error recovery to handle the irregular formatting sometimes found in biological data dumps.187

To process KGML outputs, we employ pugixml, a lightweight and high performance XML188

parsing library. This format encodes pathway information in a hierarchical structure that defines189

elements such as genes, compounds, reactions, and their relations. The library’s DOM inter-190

face provides intuitive traversal methods, enabling efficient navigation of the KGML structure191

and ensuring reliable data extraction for subsequent analysis through the retrieval of pathway192

components with minimal overhead.193

Database management system194

DuckDB is a fast analytical, in-process, open-source and portable database system. Following195

the paradigm popularized by SQLite, it operates embedded within a host application, eliminating196

external dependencies and the overhead of inter-process communication. Its architecture is197

specifically optimized for Online Analytical Processing (OLAP) workloads through a columnar-198

vectorized query execution engine, which processes data in large batches rather than row-by-row199

to accelerate complex aggregations and joins on massive datasets. This combination of embedded200

simplicity and analytical performance makes DuckDB particularly well suited for efficient data201

analysis within the application itself. To support this analysis, the database is structured according202

to the entity-relationship model illustrated in Figure 1. Such a unified storage could also benefit203

tools like KEGG spider (Antonov et al., 2008), which builds a global gene metabolic network by204

integrating all the pathways, enabling the interpretation of gene lists in a pathway-free context.205

Rather than treating each pathway as an independent unit, it constructs a unified network where206

genes are connected if their associated reactions share common compounds. It then infers207

network models from an input gene list by progressively connecting genes at increasing distances208

and assesses the statistical significance of these models through Monte Carlo simulations. This209
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approach offers an alternative to the directed metabolic graph construction presented later in210

this paper.211

Figure 1 – Entity-relationship diagram of the database

Numerical experiments212

Retrieving complete KEGG data for 1000 bacterial organisms with our approach requires213

approximately one hour of total runtime, with a variance of about ±15 minutes attributable to214

the heterogeneous performance of public proxies (since all threads must synchronise at each215

super-step, a slower proxy can delay every worker). In practice, the number of proxies can be216

reduced to avoid placing an excessive load on the KEGG server. For smaller analyses involving217

at most 100 organisms, the parallel portion of the workload is substantially reduced. Amdahl’s218

law (Amdahl, 1967) then predicts that the fixed overheads, notably the two minutes needed for219

initial proxy filtering, dominate the total time, making the concurrent strategy less beneficial than220

a simpler sequential retrieval.221

Regarding long term robustness against changes in KEGG’s access policies, our pipeline is222

designed to accommodate progressive hardening of the API. Rate limits and temporary IP blocks223

are already handled by proxy rotation and retries. Should KEGG introduce more advanced224

challenges such as CAPTCHAs or JavaScript based access gates, these can be integrated by225

adding a headless browser automation layer coupledwith a CAPTCHA solving service. While such226

extensions would increase latency, they would preserve the overall architecture and concurrency227

model. For non interactive bulk access, KEGG also provides a paid FTP subscription that delivers228

flat files; our parser components (PEG for tabular data, pugixml for KGML) can ingest those offline229

files unchanged, bypassing API restrictions entirely. Thus, the framework is not locked into a230
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single acquisition strategy but can be adapted to alternative data sources or evolving server231

policies through interchangeable backend modules.232

In terms of data quality, our pipeline issues more API calls than the method of Zaharia et al.,233

2019 because it fetches complete, fine-grained data for every organism instead of relying on234

global association tables. The additional calls are the price paid for obtaining precise reaction-235

enzyme associations and handling complex genomic annotations, which the earlier approach236

approximated or omitted.237

Construction of the graphs238

The core of the analysis framework lies in constructing two complementary graph representa-239

tions from the retrieved KEGG data: a directed metabolic graph capturing the flow of substrates240

and products between reactions, and an undirected genomic graph encoding the chromosomal241

proximity of the associated enzyme-coding genes. These constructions follow the foundational242

concepts introduced by Zaharia et al., 2019, which enable the integrated analysis of metabolic243

and genomic organization. To achieve the necessary performance for organism scale analysis, we244

have developed optimized variants of these foundational constructions. The following subsec-245

tions describe each graph construction in detail, using side by side comparison with the original246

methods to highlight how our approach overcomes previous scalability limitations.247

Metabolic graph248

The metabolic graph is a directed graph that models the flow of metabolites through a249

sequence of reactions. In Zaharia et al., 2019, its construction begins by representing both250

reactions and chemical compounds as nodes in a bipartite graph. Directed edges are placed from251

substrate compounds to the reactions they participate in, and from each reaction to its product252

compounds. The final directed graph is obtained by projecting this bipartite structure onto the253

set of reaction nodes. In this projection, two reactions become connected by a directed arc if254

a product of the first reaction serves as a substrate for the second. This results in a pathway255

centric directed graph where arcs trace feasible metabolic sequences, abstracting away the256

underlying compounds. KEGG provides a reversible flag as a boolean attribute for each reaction.257

For reactions marked as reversible, the projection naturally creates arcs in both directions because258

each compound is considered both a substrate and a product. Thus, two reactions linked via a259

reversible reaction may have arcs in both directions after projection.260

In this work, we adopt a more efficient construction that bypasses the explicit bipartite graph261

and its projection. Instead, we maintain two hash maps: one that associates each compound with262

the set of reactions that produce it, and another that associates each compound with the set of263

reactions that consume it. For every compound, we then iterate over all producer-consumer pairs264

and directly add a directed arc from the producer to the consumer whenever the product of the265

former serves as a substrate of the latter. This approach eliminates the storage of intermediate266

bipartite edges and the overhead of a separate projection step. During arc creation, we also267

query the enzymes associated with each reaction and discard any reaction that lacks an enzyme268

annotation, ensuring that only reactions with genomic support are retained in the final graph.269

The resulting directed graph retains the same biochemical interpretation, arcs represent feasible270

metabolic transitions, but is constructed in a single pass with reduced memory footprint and271

lower time complexity, making it particularly suitable for large-scale metabolic network analysis.272

Genomic graph273

The genomic graph is an undirected graph that captures the spatial proximity of genes en-274

coding the enzymes of the corresponding reactions. Zaharia et al., 2019 first build this graph275

by linking consecutive genes on each chromosome, forming a linear chain. For circular bacterial276

chromosomes, an additional edge connects the first and last gene to correctly reflect the circular277

topology. By default, the graph is constructed separately for genes on the forward and reverse278

strands, reflecting the biological observation that functionally related genes tend to reside on the279

same strand. This behavior can be modified to consider genes on both strands together when280
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a more permissive neighborhood definition is desired. To allow for gaps between functionally281

related genes, the shortest path distances in this initial gene graph are computed. If two genes282

are separated by at most a specified number δ of intermediate genes along the chromosome, an283

edge is added directly between them (typically, δ ≤ 3). Reactions are then mapped to the genes284

that encode their enzymes. Two reactions are linked by an undirected edge precisely when their285

associated genes are neighbors in the graph. This genomic graph thus encodes the condition286

that the genes of a metabolic trail must lie in a genomically coherent cluster.287

In this work, we employ an Order Statistic Tree using as the base data structure the Logarithmic288

Binary Search Tree introduced by Roura, 2001. In this structure, the size of the subtree stored289

at each node serves the dual purpose of both maintaining the balancing property and enabling290

efficient rank queries. Each gene can be associated with multiple genomic intervals due to the291

presence of introns or uncertainties arising from high-throughput sequencing errors. In our292

database schema (see Figure 1), a gene can thus be associated with several position entries.293

Other complications include entries where the stop value is missing, in which case we set it equal294

to the start value. Additionally, a flag field, which we currently ignore, might indicate that the295

true start or stop lies outside the reported values.296

The positions of all genes are inserted into the tree ordered by their start value. The data297

structure provides logarithmic time rank queries, which we use to compute genomic distances298

efficiently. For a given pair of genes, we first compute a new interval spanning from the smallest299

start value to the largest stop value among all intervals belonging to that gene. If these new300

intervals don’t intersect, the genomic distance between the two genes is simply the distance301

between them. This value can be obtained directly using rank queries on the tree without302

examining individual intervals.303

When they overlap, a more detailed analysis is required. We apply a sweep line algorithm304

on the sorted list of all interval endpoints belonging to the two genes. The algorithm maintains305

two pointers, each initially pointing to the first interval of the respective gene. At each step, it306

compares the current intervals: if they intersect, the distance is zero; otherwise, it advances the307

pointer corresponding to the interval with the smaller start value. This process continues until308

either an intersection is found or all intervals have been processed, yielding the minimal distance309

between any two positions belonging to the two genes. By leveraging the Order Statistic Tree for310

initial sorting and span checks, and the sweep line for overlapping cases, we achieve an efficient311

and accurate computation of gene neighbourhood distances even in the presence of multiple312

position intervals per gene.313

It is worth noting that the genes encoding enzymes represent only a small subset of all coding314

genes in a genome. This specificity makes the construction of the genomic graph more computa-315

tionally manageable and focuses the analysis on biologically relevant functional units. Compared316

to the approach of Zaharia et al., 2019, which does not account for the complexities introduced by317

multiple intervals per gene, missing stop values, or flag attributes indicating uncertain boundaries,318

our method is designed to handle these real-world data imperfections robustly. By efficiently319

computing distances between genes even in the presence of such complications, our approach320

provides a reliable foundation for downstream analyses. This capability could prove particularly321

useful for trail comparison if the need for less strict genomic constraints were to arise, thereby322

supporting scalable whole genome analyses.323

To go further, the genomic graph, which captures chromosomal proximity between enzyme-324

coding genes, could be refined by integrating spatial proximity data derived from chromosome325

conformation capture techniques such as Hi-C. The contact matrix used by Gao et al., 2024326

provides genome-wide interaction frequencies between genomic loci, revealing that genes327

physically close in the three-dimensional space of the nucleoid are more likely to be functionally328

associated, evenwhen they are far apart on the linear chromosome. By incorporating these spatial329

interaction frequencies as additional edges in the genomic graph, the resulting network could330

better reflect the functional organisation of the genome, complementing our method. Moreover,331

manual annotations remain valuable for correcting annotation errors, resolving ambiguous gene332

boundaries, or incorporating experimentally validated interactions that may not be captured by333

high-throughput data.334
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Numerical experiments335

To illustrate the scalability of our graph construction pipeline (see Table 1), we built metabolic336

and genomic graphs for six bacterial species with diverse number of reactions: the reduced337

genome of the secondary endosymbiont of Trabutina mannipara (senm), the Blochmannia en-338

dosymbiont of Camponotus (Colobopsis) obliquus 757 (ben), the porcine pathogen Glaesserella339

parasuis SH03 (hpas), the marine bacteria Vibrio campbellii ATCC BAA-1116 (vac), the model organ-340

ism Escherichia coli K-12 MG1655 (eco), and the opportunistic pathogen Klebsiella grimontii (kgr).341

Construction of both graphs from the retrieved KEGG data scales with the organism complexity342

and consistently takes under 30 seconds. While the six species studied here span a wide range343

of reaction counts, the average across all bacteria is 946. The experiments confirm that finding a344

maximum span trail in these graphs (i.e., at the scale of a complete bacterial organism) is tractable,345

even if it requires more time than expected. In contrast, Cabret et al., 2025 solve this same346

problem on a set of biologically realistic synthetic graphs of 1060 vertices in less than 3 seconds347

on average, and they obtain longer trails (36 reactions on average). These discrepancies highlight348

the computational challenge of the underlying combinatorial problem, as well as the difficulties349

to create an accurate model of synthetic graphs.350

Bacteria name senm ben hpas vca eco kgr

Number of reactions 26 340 647 958 1130 1269

Metabolic graph
order 17 309 594 863 1019 1161

size 22 538 1484 2737 3578 4071

Genomic graph size 26 1377 2091 2489 2620 2899

Construction time (s) 0.3 4 9 15 22 26

Maximum span trail 5 10 25 18 12 12

Resolution time (s) 0.05 2 7 29 83 89

Table 1 – Statistics for different bacterial species

Conclusion351

We have presented a framework for constructing integrated metabolic and genomic graphs352

from KEGG data at the scale of complete bacterial organisms. Our approach addresses the353

bottlenecks of web-based data retrieval through a concurrency model with proxy rotation. Our354

graph construction pipeline leverages two specialized data structures: hash maps for efficient355

metabolic graph assembly and order statistic trees for genomic proximity computations. To the356

best of our knowledge, this enables the first systematic construction of whole organism graphs357

that were previously limited to pathway by pathway analysis.358

With these organism scale graphs and the trails they support, the next challenge becomes359

comparative analysis across species. Zaharia et al., 2019 provided an elegant method for identify-360

ing conserved patterns. However, their approach reintroduces a segregation between reactions361

and genes during comparison: trails are treated as reaction sets, temporarily decoupling the362

metabolic and genomic dimensions that the model itself integrates.363

Although our framework is presented using KEGG, the modular design of its components (the364

concurrency model with proxy rotation, the PEG based tabular parser, the XML parser, and the365

embedded analytical database) makes them readily adaptable to other biological databases that366

expose RESTAPIs or provide structured flat files. For instance, replacing the KEGGAPI endpoints367

with those of any alternative data source would require only a thin configuration layer, namely368

URL templates and response grammar definitions. Similarly, the graph construction algorithms369

operate on generic reaction compound and gene interval data models, and can therefore be370

applied to any metabolic and genomic dataset that adheres to the same relational schema. This371

generality is explicitly supported by the use of DuckDB, which allows the user to load alternative372

data sources into the same table structure.373
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The availability of whole organism graphs now calls for comparison methods that preserve this374

duality. We need approaches that identify conserved substructures simultaneously in both meta-375

bolic and genomic dimensions. Such methods would reveal not only which reaction sequences376

persist across evolution, but also how their underlying genomic organization is maintained or rear-377

ranged. Developing these methods represents the next frontier in understanding the co-evolution378

of metabolism and genome architecture across the bacterial domain.379
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Abstract Understanding host-microbiota interactions in agroecological studies requires linking complex
heterogeneous datasets, such as microbial diversity, host phenotype and environmental context. In re-
sponse, we developed Holograph, a RDF (Resource Description Framework) schema dedicated to the rep-
resentation of holobiont data, to provide a structured and interoperable way to store such heterogeneous
information. This schema is structured around three main ontologies: SOSA, I-ADOPT and GeoSPARQL and
integrates specific terms from other convenient ontologies. This schema was successfully tested and imple-
mented on datasets describing plant and livestock animal holobionts allowing data exploration through
SPARQL queries or web applications.

Introduction

Holobionts aim to represent a host (an animal or a plant), and its microbiota as a whole. Agroeco-
logical projects studying holobionts entail identifying and characterizing the communities of living
organisms associated with cultivated plants or livestock. The composition of the microbiota is gen-
erally obtained using metabarcoding or metagenomics methods, resulting in abundance tables of
Amplicon Sequence Variants (ASVs) or metagenome-assembled genomes (MAGs), representing the
observed taxa. In addition, in holobiont studies, many variables are collected in the field or in lab-
oratory to accurately describe the host phenotype (including health status, growth, physiological or
performance traits) or host products. Furthermore, the environment can be modelled with descrip-
tors (e.g. presence of bioagressors, agricultural practices including diet composition, climatic data).

To properly manage and capitalize on the complexity of holobionts data, a modelization as a knowl-
edge graph using generic and domain specific ontologies is essential. This representation enables
precise semantic description of data and metadata and links information describing the host, the
microbiota and the environment. Reusing terms from shared ontologies will allow interoperability
between datasets, and other knowledge graphs.
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In the frame of the french program MUDIS4LS (Mutualized Digital Spaces for FAIR data in Life and
Health Science), we developped Holograph, a generic RDF schema based on the SOSA and I-ADOPT
core-ontologies. This schema was applied to integrate data from large-scale projects: DeepImpact
and ChickStress/Feed-a-Gene.

Material and methods

RDF

The Resource Description Framework (RDF) is a standard model to describe data as an oriented
graph. It is divided in three elementary entities: the subject and the object linked by a predicate,
all identified by a Uniform Resource Identifier (URI). This is an interoperable model thanks to URIs
and the use of controlled vocabulary and ontologies. An ontology is a description and organisation
of concepts to structure knowledge about topics so that actors of a same domain can share the
same vocabulary. RDF data are loaded into triplestores such as Virtuoso which allows data querying
through the SPARQL query language.

Ontologies

The schema partly relies on a combination of three core ontologies. The SOSA core ontology [1]
defines classes and properties to describe observations made by sensors on a feature of interest,
the observed property and temporal information. The I-ADOPT framework ontology[2] is designed
to help with interoperability between existing variables by representing them as more specific en-
tities that can match terms described in ontologies or taxonomies. The GeoSPARQL[3] ontology
defines a vocabulary for representing geospatial data. We only used its two main classes (Feature
and SpatialObject) as they were sufficient to describe nested locations. Our schema is also linked to
the NCBITAXON ontology[4], which represents the NCBI organismal taxonomy. To form the rest of
the schema, we extended these core ontologies using specific terms from other relevant ontologies,
when available, to describe classes, properties or relations (see Table 1).

Ontology ID Description
Plant Ontology[5] PO Plant anatomy, morphology, growth and development

Uber-anatomy ontology[6] UBERON Cross-species anatomy ontology
Environmental ontology[7] ENVO Environments, ecosystems, habitats and related entities

Agronomy Ontology[8] AGRO Agronomic pratices, techniques, variables and related entites
FoodOn Food Ontology[9] FOODON Farm-to-fork ontology describing food

Relation Ontology[10] RO Relationship types destined to be used in multiple ontologies
Thesaurus INRAE[11] INRAE thesaurus used to index and annotate web pages, datasets or specific terms

Tab. 1. List of the ontologies terms where extracted from to build the schema

Datasets

The model was first tested using the DeepImpact dataset as a plant holobiont use case. This project
aims to understand the impact of soil’s microbial diversity, as well as physico-chemical and environ-
mental conditions on performance of wheat and rapeseed crops. This dataset includes hundreds
of agroenvironmental descriptors (e.g. bioagressors inventories, plant phenotypic traits, agricultural
practices, soil biochemistry) measured at various spatial levels (field, plot or plant) collected in 4 plots
from 200 agricultural fields during 2 years (4 seasons of sampling). This dataset has been associated
with climatic data extracted from the MeteoFrance SAFRAN database. In each plot, microbial commu-
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nities from plant compartments (leaf, root and rhizosphere) have been sequenced (39 runs covering
6379 samples) and ASV, their taxonomic affiliations and abundances were derived from bioinformat-
ics analyses.

The model was then applied to the dataset from the ChickStress and Feed-a-Gene projects to gener-
alize it to both plant and livestock holobionts. Part of these projects aim to study the relationship be-
tween feed efficiency and gut microbiota in laying chickens under contrasting feeding conditions[12].
This dataset includes measurements on 57 hens on which caecum microbiotas were analysed. The
hens belong to two distinct lines (R+ and R-), which are highly divergent in feed efficiency, and were
fed either a control diet (CTR) or a fiber-enriched, energy-depleted diet (LE). During and at the end
of the experiment, various performance (linked to feed efficiency or egg productions and quality),
growth or physiological measures (including blood analysis) were recorded.

Results

Holograph schema

Fig. 1. Overview of the holograph schema

The holograph schema can be broken down into 5 different subparts (see Figure 1). The first one
describes the host, either an animal or a plant, its products (eggs, in our use case), diet composition
and the sampled compartments. The compartment from the chicken dataset was the caecum, term
found in the UBERON ontology. In the DeepImpact project the compartments were plant organs:
roots, leaves (terms found in the PO) and rhizosphere (ENVO).

These compartments can be sampled for metagenomics studies. As this part of the schema did not
match any known ontology we developed a new model. It describes the sequenced sample, the run
and the analysis, as well as the experiment and the project (if needed). Specific metadata are stored
(eg: total read count, sequencing instrument or sequenced marker). Each analysis has results stored
under the classes TaxonomicAssignation and Abundance, both linked to an ASV. The taxonomy has
a direct link with NCBITAXON as, when instantiating the model, we extract the most accurate taxon
URI found in NCBITAXON.

A host is located on a location which can be contained in another location. The links between the
different locations are represented using the GeoSPARQL ontology. For example, a plant can be
located in a plot contained in fields, and a hen is reared in a cage housed in farm. The different types
of locations are terms coming from ENVO, AGRO and the Thesaurus INRAE.
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Observations such as the host, the diet, the products or the locations are represented using the
SOSA ontology. An observation is made by a sensor (a person or a device) on a object. A measured
variable, named ObservableProperty in SOSA, is stored as a value and a unit. The observation also
has a result time and is linked to a time interval during which the measurement was made (eg: the
sampling season or year).

Variables are described as an ObservableProperty in the SOSA ontology. However, modelization can
be quite complex (e.g. class density of a weed species at a specific phenological stage). To describe
them, and allow interoperability with ontologies, we used the I-ADOPT ontology. Variables are de-
composed into elementary entities: a property, an entity and a constraint on this entity. Variables
can also be grouped in sets.

Data integration and exploration

To query the model, data must either be loaded directly into a triplestore (eg: Virtuoso) or through a
dedicated interface, such as AskOmics ( https://askomics.org/). To ease the formatting of user
data into the Holograph model, we provided multiple CSV templates and adhoc scripts for conversion
into the turtle standard format. Users can directly explore the ingested data with SPARQL queries
into the triplestore, or through the AskOmics web interface.

Instantiating the schema with the DeepImpact dataset resulted in 20 210 804 triples and with the
ChickStress/Feed-a-Gene dataset 176 190 triples. The datasets can be explored through questions,
such as (for DeepImpact): What are the taxa found in root microbiota of fields in western France under
conventional agriculture in the 2nd sampling of the 2nd year. This resulted in a SPARQL query that
returned 1005 results in 4.717 seconds.

Discussion

The current Holograph schema is flexible, as terms can be added to represent other locations, prod-
ucts, sampling compartments. It also can be adapted to other applications: bioreactors, ecosystems
or fermented foods. However, any adaptation will be met with some difficulties.

Identifying the best match for terms defined in the schema was one of the main challenge, as terms
might be defined across multiple ontologies, and the most suitable descriptions may come from
ontologies outside the expected domain. We tried to favor ontologies from our domain or at least
generic ones, for more robustness. In particular, in the metagenomics part of the model we did not
find terms in convenient ontologies or sometimes the definition of terms were not acceptable (e.g.
the term sequencing run is well described in the National Cancer Institute Thesaurus OBO Edition,
but this thesaurus is not relevant to agroecological study). It would be appropriate to complement
existing ontologies or the thesaurus INRAE with the missing terms and their precise definitions. Con-
sequently, filling the templates requires time to find matching terms to describe variables from the
dataset. Yet, it is unavoidable to ensure data and metadata integrity. Thus, a good documentation is
essential, as well as some training and support of the data producer.

Querying the model can be challenging: if the data are loaded into an or Virtuoso instance, the user
needs to know how to write SPARQL queries. If using an AskOmics instance, SPARQL queries writ-
ing can be avoided but the user still needs to know and understand the schema. To answer these
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problems, a new user-friendly web application dedicated to the Holograph schema is needed to al-
low the user to query the model easily, without having to be familiar with it as the complexity would
be hidden. Contrary to AskOmics, this web interface would be specific to the schema and could be
extended to other schemas using the SOSA and I-ADOPT ontologies.
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Abstract The emergence of high-throughput technologies in the Life Sciences has led to increasingly com-
plex data analysis pipelines. Ensuring their transparency, reusability, and reproducibility requires adher-
ence to the FAIR principles, which motivated the development of the ShareFAIR project. ShareFAIR aims to
build a framework to make workflows more shareable, understandable, and reusable by improving their
description through structure, provenance, and annotations.
The ShareFAIR architecture consists of several modules addressing workflow structure extraction, prove-
nance, annotation, and querying, with applications ranging from genomics to neuroimaging. At its core,
this system depends on ShareFAIR-KG, a centralized and queryable knowledge graph (KG) that integrates all
workflow components and tool metadata at various levels of granularity. Populated through automated
harvesting and normalized into a graph-based representation, it consolidates the results and software
produced in the project. With the help of ShareFAIR-KG, users can for instance research workflows imple-
menting specific analytical steps, obtain the software packages used or wrapped in workflows or query
citation and licensing information.

Introduction

During the last decade, an unprecedented amount of multi-scale data has been generated in the field
of Life Sciences. While it offers new opportunities for biological discovery, its volume and complexity
have introduced significant computational challenges. Notably, the difficulty in reproducing data
analysis pipelines has become prevalent, eroding trust in scientific results and limiting the reuse of
established analysis pipelines [1]. This issue is particularly relevant in bioinformatics and extends to
the neuroimaging field [2].

Scientific workflows were developed to address these limitations, offering scalability, automation and
reproducibility [3]. However, workflows alone are insufficient: the application of FAIR principles (Find-
ability, Accessibility, Interoperability and Reuse) [4,5,6,7] to these pipelines is increasingly recognised
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as essential for ensuring transparency, quality and reliability of computational results [4]. Other au-
thors have highlighted the importance to develop dedicated best practices for research software that
also apply to workflows [8].

The ShareFAIR project arose from this need to make scientific workflows FAIR, easier to share and
to reproduce. It seeks to enhance the reliability of both datasets (e.g. finely annotated raw data
and analysis results) and analysis protocols by explicitly tracking provenance relationship between
data results and analytical methods. To achieve this objective, the ShareFAIR architecture includes
multiple modules for the annotation, query, extraction and representation of workflow structure and
execution traces. The basis of this architecture is a knowledge graph of annotated workflows from
different languages and sources, gathering and allowing to query data generated in those modules.
This knowledge base facilitates the discovery of workflows with their scientific context, structure and
execution traces.

In this work, we present ShareFAIR-KG, a knowledge-graph of normalised FAIR workflow metadata.
It leverages existing state-of-the-art and community adopted standards to link the structural repre-
sentation of scientific pipelines with their execution traces, software components and their param-
eters. Although there are several initiatives for sharing bioinformatics workflows and software such
as the WorkflowHub directory [9] or the bio.tools registry [10,11], the aim of ShareFAIR-KG is to bring
them together by adding a semantic layer on top of them. Thus, ShareFAIR-KG automatically harvests
metadata from multiple existing repositories and enables their discovery through complex querying.
The knowlegde base supports several use cases. Researchers can explore workflows implementing
specific analytical steps, facilitating the location and comparison of workflows across all supported
languages. Tool developers can query software packages used or wrapped in workflows, for instance
to guide the creation of new wrappers. Finally, data managers and curators can evaluate workflow
FAIR compliance by querying licensing or citation information. As the groundwork of the ShareFAIR
architecture, ShareFAIR-KG integrates functionalities and results from ongoing collaborative devel-
opment across multiple modules of the ShareFAIR project.

This paper is organised as follows. First, we present the standards selected for workflow represen-
tation, that build the semantics of ShareFAIR-KG. Next, we explain how the knowledge graph is de-
ployed and populated, showing examples of use cases to demonstrate its query-ability and how it
explains workflows at every granularity level. Finally, we detail how the knowledge base serves as
the integration layer for other modules of the ShareFAIR project, and how we plan to improve this
joint work to expand its content and capabilities.

Scientific workflow and tool metadata standards

Comprehensive workflow description requires a representation model with sufficient granularity, as
workflows can be studied at different scales: (i) the workflows and their scientific domains at the
highest level, (ii) then their processes, either nested subworkflows or computational units calling a
(iv) software with its parameters. Those components and the data-flow between them must also be
considered from both the prospective (specification) and retrospective (execution traces) provenance
perspective.
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This representation is further subject to additional critical requirements. First, it must integrate ex-
isting ontologies, schemas or vocabularies while avoiding to redefine yet another standard. Then,
it must facilitate metadata generation and exchange by adopting interoperable and reusable stan-
dards that are widely adopted by the community and already integrated by existing frameworks.

The ShareFAIR-KG semantic model [12] complies with those constraints and provides (i) scientific con-
text and metadata for workflows and their constituent software and steps, using domain ontologies
such as EDAM [13]; (ii) unique software referencing via bio.tools [10,11] identifiers; and (iii) prospec-
tive and retrospective provenance representation throught Provenance Run Crate [14], an RO-Crate
profile extending WorkflowHub’s workflow profile (describing workflow files and metadata), Process
Run Crate (software used for file creation) and Workflow Run Crate (workflow execution by a Work-
flow Management System or WMS).

Populating and querying ShareFAIR-KG

ShareFAIR-KG is a knowledge base of workflow metadata following this representation model.
Queryable with SPARQL, it is deployed in a Jena Fuseki server, inside a Docker container providing
isolation and reproducibility.

The knowledge base integrates (i) EDAM domain-specific ontology for annotation, (ii) bio.tools reg-
istry for software identification and as a source of pre-existing EDAM annotations, (iii) WorkflowHub
general metadata on workflows, (iv) metadata on the prospective and retrospective provenance of
workflows from various WMS and sources, including: WorkflowHub, nf-core, Common Workflow Lan-
guage (CWL) [15,16] and the Intergalactic Workflow Commission (IWC) library. We chose those registries
and libraries for their wide-spread adoption by the community and their alignment with FAIR princi-
ples, leveraging open registries (e.g. bio.tools) and standards (e.g. RO-Crate).

ShareFAIR-KG currently contains the prospective provenance of 49 Nextflow [17] and 73 Common
Workflow Language (CWL) workflows; and both types of provenance for 102 Galaxy[18] workflows18

executed on Galaxy server. This dataset spans workflows covering very diverse domains of bioinfor-
matics, from genome assembly to metabolite profiling. Querying this knowledge graph with SPARQL
yields deeper insights into these workflows, as shown in the following use cases (further detailed in
[12]):

– Tool adoption An example query is the search for the most frequently used tools19 from bio.tools
among workflows in the knowledge base, with their EDAM operations. Querying ShareFAIR-KG
reveals that the top two by frequency are MultiQC [19] and dada2 [20], performing the operations
sequencing quality control and DNA barcoding, variant calling (Table 1).

– Workflow using specific tools Knowing that MultiQC is the most used tool amongst workflows in
ShareFAIR-KG, the workflows using it can be queried. For example, the Galaxy workflows Genome
Assembly from Hifi reads - VGP3 and Scaffolding with Hi-C data VGP8 both use MultiQC.

– Workflow input format Another example of query involves retrieving workflow input and output
data. For instance, the inputs of the CWL workflow gatk4W have the formats FASTA and FASTQ.

18 Workflows were selected based on open-source licencing and technical compatibility with our extraction tools.
19 Tools that are the most frequently used in workflows, not the ones which have been run the most overall through these

workflows.
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– Workflow tools output formats The last query example infers workflow outputs from bio.tools
EDAM annotations. Annotations of the bio.tools software executed in the Galaxy workflow ATAC-
seq [21] indicate that it generates BED, WIG, TSV, HTML, JSON, YAML and CSV data.

Tab. 1. Results of the SPARQL query retrieving most-used bio.tools tools, and their integration frequency in steps (# work-
flow steps). The names of the tools are from bio.tools. The namespace edam corresponds to http://edamontology.org/.

Tool name bio.tools identifier EDAM operation EDAM operation label # workflow
steps

MultiQC https://bio.tools/multiqc edam:operation 3218,
edam:operation 2428

Sequencing quality con-
trol, Validation 18

dada2 https://bio.tools/dada2 edam:operation 3200,
edam:operation 3227

DNA barcoding, Variant
calling 12

Bandage https://bio.tools/bandage edam:operation 3184 Sequence assembly vi-
sualisation 5

Current and Future Integration within the ShareFAIR Project

ShareFAIR-KG constitutes the foundational infrastructure of the ShareFAIR architecture, centralising
output from other modules and providing data for query and representation purposes to others (Fig-
ure 1). While it already integrates several of their functionalities, ongoing efforts aim to strengthen
this integration and consolidate the ShareFAIR framework. This collaboration will address key limi-
tations by enhancing annotation depth and quality as well as expanding workflow coverage.

Fig. 1. ShareFAIR architecture with the software developed in different modules and the data flowing
between them (type of data is specific on the arrows). Solid arrows represent current integration,
dotted arrows show work in progress.

The Reuse Module aims to extract and visualise workflow structure. As part of this module,
BioflowInsight [22] was developed to capture Nextflow workflow structures and generate their Prove-
nance Run Crate metadata within ShareFAIR-KG. Additionally, MetroFlow [23] provides a unique vi-
sualization of Nextflow workflows, representing them as intuitive metro maps.
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The Provenance Module ingests and exploits provenance traces captured from workflow execu-
tions. Only a limited number of WMS supports provenance capture, such as Galaxy and Nextflow
with the plugin nf-prov. This module currently aligns nf-prov provenance with prospective specifica-
tions. In the short-term, our road map includes the verification and repair of the completeness of
nf-prov outputs. In the longer term, we investigate multi-granular representations of provenance,
including fine-grained execution traces. Both the repair and the refined provenance derivations (at
different levels of granularity) will be reflected in ShareFAIR-KG.

The Annotation Module aims at inferring missing metadata to better annotate and explain scientific
pipelines, as well as analyzed data. Bio.tools metadata and the EDAM ontology from ShareFAIR-KG
are at the core of the EDAMAnnot [24] toolbox and were used to investigate metadata quality in terms
of information content. Neuro-symbolic approaches leveraging both retrieval augmented generation
and knowledge graphs are under investigation to i) increase the quality of bioinformatics tools and
workflow metadata and ii) annotate analysed data for increase potential reuse.

The Query Module leverages BioFlow-Ontology [25], a comprehensive workflow representation
model, to develop WorQL, a dedicated query language for workflow interrogation. WorQL employs
query relaxation mechanisms, such that if a query yields no results, it is automatically reformulated to
return meaningful matches [26]. This enhances ShareFAIR-KG accessibility, enabling users from di-
verse backgrounds to efficiently query workflows and fostering broader adoption. Bioflow-Ontology
and the ShareFAIR-KG representation model serve complementary purposes: one extends exist-
ing standards for seamless metadata generation and interoperability, the other optimises workflow
querying. The integration of this module with ShareFAIR-KG will leverage inference rules and reason-
ing to align both data representations.

Linking bioinformatics tools across publication and workflow code Workflow descriptions in
publications and actual code often diverge. For example, the same tool may appear under different
names, or can be omitted from the publication. To address this, CoPaLink [27] has been developed
to extract all bioinformatics tool names from both sources (publications and code). This allows users
to compare tools detected in each source and identify tools that appear in only one source. CoPaLink
will be integrated in ShareFAIR-KG.

Neuroimaging Workflow Integration (NeuroWF), currently in development Besides bioinfor-
matics workflows and provenance tools, ShareFAIR-KG will enable querying and exploring the collec-
tion of open source neuroimaging workflows. In particular, we will generate Provenance Run Crate
metadata to describe functional magnetic resonance imaging (task-fMRI) pipelines of the most com-
monly used software tools. By using the previously described modules, NeuroWF aims to enable
parameter metadata [28] querying for further analysis of neuroimaging workflows in a reproducible
manner.

Conclusion

This work paves the way for FAIR sharing of scientific workflows. It leverages the results and func-
tionalities developed in the ShareFAIR project modules to gather and normalise workflow annota-
tions and metadata from multiple sources and languages, providing details on their scientific context,
structure and execution traces to facilitate workflow discovery, understanding, sharing and reuse.
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ShareFAIR-KG still faces specific constraints, mainly related to the quality and completeness of an-
notations and workflow descriptions. Query capabilities are currently limited by the variable depth
and coverage of workflow description. Additionally, the knowledge graph is rebuilt from scratch dur-
ing each update rather than maintained incrementally with workflow versioning support, limiting its
scalability for evolving pipelines.

Future work will first address the lack of complete workflow annotations by finalising the integration
with the other ShareFAIR modules, to integrate a larger diversity of standards and increase annota-
tion quality, for instance by enriching bio.tools annotations. Furthermore, we plan to increase the
scale of workflow integration to encompass neuroimaging workflows, while expanding the coverage
of execution traces beyond Galaxy workflows. Joint efforts will also focus on improving query accessi-
bility and user-friendliness. These advances will establish the technical foundation for the ShareFAIR
framework.

Availability and implementation

All resources are openly available: ShareFAIR-KG with examples of queries and competency
questions (GitLab, v1.0.0, GNUGPLv3.0, swh:1:dir:4e761e3), EDAMAnnot (GitHub, GNUGPLv3.0,
swh:1:dir:bf911b6), BioFlowInsight (GitLab, GNUAGPLv3.0), NeuroWF (GitLab, MIT License,
swh:1:dir:467be46), and CoPaLink (tool and experiment repositories, GNUAGPLv3.0) are hosted
on GitLab and GitHub with persistent Software Heritage archives; the knowledge graph content
(Zenodo, DOI:10.5281/zenodo.17737888) and BioFlow-Ontology (Zenodo, v7, CC-BY4.0) are avail-
able on Zenodo.

Acknowledgments

This work was supported in part by the National Research Agency under the France 2030 program,
with reference to ANR-22-PESN-0007 (ShareFAIR project).

Generative AI Statement

During the preparation of this work, the authors used Kimi K2 (Moonshot AI) and Claude Sonnet 4.5 to
improve textual clarity through reformulation, as well as to verify grammar and spelling. After using
this tool/service, the authors reviewed and edited the content as needed and take full responsibility
for the content of the publication.

Citations

References

[1] Cohen-Boulakia S, Belhajjame K, Collin O, Chopard J, Froidevaux C, Gaignard A, et al. Scien-
tific Workflows for Computational Reproducibility in the Life Sciences: Status, Challenges and
Opportunities. Future Generation Computer Systems. 2017 Oct;75:284-98.

[2] Botvinik-Nezer R, Holzmeister F, Camerer CF, Dreber A, Huber J, Johannesson M, et al. Variability
in the analysis of a single neuroimaging dataset by many teams. Nature. 2020 Jun;582(7810):84-
8. Available from: https://doi.org/10.1038/s41586-020-2314-9.

[3] Djaffardjy M, Marchment G, Sebe C, Blanchet R, Belhajjame K, Gaignard A, et al. Developing and
reusing bioinformatics data analysis pipelines using scientific workflow systems. Computational
and Structural Biotechnology Journal. 2023 Jan;21:2075-85. Available from: https://www.sc
iencedirect.com/science/article/pii/S2001037023001010.

JOBIM 2026

93



[4] Goble C, Cohen-Boulakia S, Soiland-Reyes S, Garijo D, Gil Y, Crusoe MR, et al. FAIR Computational
Workflows. Data Intelligence. 2020;2(1-2):108-21. Available from: https://doi.org/10.116
2/dint_a_00033.

[5] Wilkinson SR, Aloqalaa M, Belhajjame K, Crusoe MR, de Paula Kinoshita B, Gadelha L, et al.
Applying the FAIR principles to computational workflows. Scientific Data. 2025;12(1):328.

[6] Wilkinson MD, Dumontier M, Aalbersberg IJ, Appleton G, Axton M, Baak A, et al. The FAIR
Guiding Principles for Scientific Data Management and Stewardship. Scientific Data. 2016
Mar;3(1):160018.

[7] Barker M, Chue Hong NP, Katz DS, Lamprecht AL, Martinez-Ortiz C, Psomopoulos F, et al. Intro-
ducing the FAIR Principles for Research Software. Scientific Data. 2022 Oct;9(1):622.

[8] Di Cosmo R, Granger S, Hinsen K, Jullien N, Le Berre D, Louvet V, et al. CODE beyond FAIR: a
roadmap for reusable research software. Scientific Data. 2025;In Press.

[9] Gustafsson OJR, Wilkinson SR, Bacall F, Pireddu L, Soiland-Reyes S, Leo S, et al.. WorkflowHub:
a registry for computational workflows. arXiv; 2024. ArXiv:2410.06941 [cs]. Available from:
http://arxiv.org/abs/2410.06941.
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