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ABSTRACT 

The biomolecular sciences generate data faster than they can be made usable. Between instrument output and 

analyzable knowledge lies the unglamorous majority of bioinformatics labor: extracting assertions from literature, 

standardizing identifiers and vocabularies, detecting and repairing errors, resolving duplicate and conflicting records, 

imputing what is missing, correcting what batches distorted, and integrating what heterogeneous sources report 

differently. This wrangling and curation layer has historically been manual, expert, and chronically under-resourced 

relative to data growth, and machine learning has been moving into it from several directions at once. This review 

synthesizes the literature on machine learning for biomolecular data wrangling and curation. It organizes the field by 

curation function rather than by model family: learned extraction and annotation, where biomedical text mining and 

pre-trained language models convert literature into structured assertions and where computational function prediction 

annotates sequences at scale; learned error detection, from the foundational quality scores of sequencing through 

statistical validation of proteomics identifications to general anomaly detection over database entries; learned entity 

resolution and integration, where deduplication and record matching meet deep matching models; learned imputation 

and batch correction, where the missing-data and batch-effect literatures supply principled repair; and learning-

directed curation workflows, where active learning, weak supervision, and human-in-the-loop systems allocate scarce 

expert attention. Cross-cutting infrastructure, ontologies and minimum-information standards, workflow managers, 

and the FAIR agenda, is reviewed as the substrate that makes learned curation deployable, and the evidence on pitfalls, 

leakage, label imperfection, and drift, is weighed. The review closes with open challenges, including curation of 

predicted rather than measured knowledge, and directions for the field. 
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1. INTRODUCTION 

The scale argument for computational curation was settled by the data itself. High-

throughput sequencing pushed biology into the exabyte conversation (Reuter et al., 2015; Stephens 

et al., 2015), mass spectrometry did the same for proteins and their modifications (Aebersold & 

Mann, 2003; Aebersold & Mann, 2016), and the repositories that receive the output, nucleotide 

archives, protein knowledge bases, structure and expression databases, proteomics exchanges, 

became critical scientific infrastructure with submission volumes no curator workforce could 

exhaustively review (Benson et al., 2013; UniProt Consortium, 2021; Berman et al., 2000; Barrett 

et al., 2013; Perez-Riverol et al., 2019; Deutsch et al., 2017). The biocuration community named 

the resulting gap early and has documented it since: expert curation is the standard that makes data 

trustworthy, and it is precisely the resource that does not scale with the data (Howe et al., 2008; 

Burge et al., 2012; International Society for Biocuration, 2018). The same scaling pressure is 

documented outside the biomolecular repositories, in regulated life-sciences operations where data 

integrity failures, their controls, and their remediation have been catalogued systematically (Aneke 

et al., 2023), and in national health-data architectures where interoperability and data quality are 

treated as explicit design targets rather than emergent properties (Ilodigwe & Adesemoye, 2021). 

Machine learning entered this gap along several fronts rather than as one program. 

Biomedical text mining grew a community evaluation tradition around extracting genes, proteins, 

and their relations from literature (Hirschman et al., 2005), matured into deployed annotation aids 

(Wei et al., 2013; Leaman & Lu, 2016), and was transformed by domain-pre-trained language 

models (Lee et al., 2020; Beltagy et al., 2019; Gu et al., 2021; Luo et al., 2022). Statistical learning 

became load-bearing inside instrument pipelines, most consequentially in shotgun proteomics, 

where empirical models and semi-supervised rescoring made identification error a governed 

quantity (Keller et al., 2002; Käll et al., 2007; Elias & Gygi, 2007), a lineage with roots in the 

learned quality scores that disciplined sequencing itself (Ewing & Green, 1998). Function 

prediction organized itself into community assessment at knowledge-base scale (Radivojac et al., 

2013; Zhou et al., 2019), and structure prediction crossed a threshold that turned computational 

annotation into a first-class database content type (Jumper et al., 2021; Varadi et al., 2022). 

Meanwhile the data-management community built a general learned-cleaning literature, error 

detection, probabilistic repair, and cleaning oriented to downstream models (Rahm & Do, 2000; 

Chu et al., 2016; Ilyas & Chu, 2019; Rekatsinas et al., 2017; Heidari et al., 2019; Krishnan et al., 

2016), and the machine learning community supplied the workflow-level instruments, active 

learning, weak supervision, anomaly detection, that convert curation from exhaustive review into 

directed attention (Settles, 2009; Ratner et al., 2017; Chandola et al., 2009). Adjacent applied 

literatures developed the same instruments on different substrates: anomaly detection matured 

against transaction and time-series records where rare legitimate events and true errors are hard to 

separate (Atakpa & Fobellah, 2023; Atakpa & Abetoh, 2022), human-in-the-loop composition was 

consolidated as a design pattern in its own right (Ladapo et al., 2022), and curation of training 

corpora became an explicit engineering stage in model-development pipelines rather than an 

unexamined precondition (Oyesiji et al., 2024). 

What the field lacks is synthesis across these fronts, and that is this review's purpose: to 

organize machine learning for biomolecular wrangling and curation by the curation functions it 

serves, to weigh the evidence for what works and where it fails, and to identify the challenges the 

next phase of the field must answer. Section 2 states scope and approach. Section 3 characterizes 

the wrangling problem. Sections 4 through 8 review the five function areas, extraction and 
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annotation, error detection, entity resolution and integration, imputation and batch correction, and 

learning-directed workflows. Section 9 reviews the enabling infrastructure, Section 10 the 

challenges, Section 11 future directions, and Section 12 concludes. 

2. SCOPE AND APPROACH OF THE REVIEW 

The review covers machine learning applied to the preparation, quality assurance, and 

integration of biomolecular data, sequences, proteins and their modifications, structures, 

expression, metabolites, and the literature-derived assertions about them, as distinct from machine 

learning for downstream biological discovery, which is reviewed elsewhere (Libbrecht & Noble, 

2015; Min et al., 2017). The boundary is functional: a method belongs here when its output is 

better data, cleaner, more complete, better annotated, better integrated, rather than a biological 

conclusion. Included are the community evaluation traditions where they assess curation-relevant 

capabilities, text mining assessments (Hirschman et al., 2005) and function prediction assessments 

(Radivojac et al., 2013; Zhou et al., 2019), the instrument-pipeline validation literatures whose 

statistical machinery is curation in situ (Keller et al., 2002; Ewing & Green, 1998), and the general 

data-cleaning literature where biomolecular deployments draw on it directly (Ilyas & Chu, 2019). 

Excluded are clinical data curation, imaging, and electronic health records, whose constraints 

differ enough to warrant their own syntheses. Also excluded, though drawn on for contrast where 

the mechanisms transfer, is the wider governance literature on data quality in regulated enterprise 

settings (Aneke et al., 2023; Aliliele et al., 2025b; Orise & Niniola, 2025). 

The literature base spans bioinformatics and genome-resource venues, where repositories 

and their pipelines are described; the biocuration community's own literature, where the human 

workflows are documented; proteomics and glycomics methods venues, where validation 

machinery lives; natural language processing venues, where biomedical text mining is published; 

and data management venues, where learned cleaning originates. Two synthesis choices shape the 

presentation. First, organization is by curation function, because functions persist while model 

families turn over, and because deployments compose functions regardless of the models inside 

them. Second, evaluation evidence is weighed with the pitfalls literature in view, since curation 

models are trained on curated labels and evaluated on the same repositories they serve, conditions 

under which leakage and circularity are structural risks rather than exotic ones (Whalen et al., 

2022; Kapoor & Narayanan, 2023). Where evidence from adjacent domains is cited in what 

follows, it is cited for mechanism rather than for biological content: enterprise data-governance, 

audit-analytics, and model-governance work is invoked because it addresses the same structural 

problems of provenance, agreement, and drift under different data (Ominyi & Anichukwueze, 

2023; Ozowara et al., 2025). 

3. THE BIOMOLECULAR WRANGLING PROBLEM 

The problem's shape follows from the data's origins. Biomolecular records are produced 

by heterogeneous instruments and laboratories under evolving protocols, described in free text as 

much as in structured fields, identified through vocabularies that vary by community and era, and 

deposited under standards whose adoption is partial. The consequences recur across data types: 

identifier ambiguity and synonymy, gene symbols reused across species, protein accessions 

superseded, metabolite names colliding (Rahm & Do, 2000; Elmagarmid et al., 2007); 

incompleteness against the applicable minimum-information checklists, which the standards 

communities publish precisely because submissions vary (Wilkinson et al., 2016; Rojas-Macias et 
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al., 2019); value-level error from instrument artifact through transcription slips to unit confusion; 

duplication and near-duplication as the same result enters through multiple routes; source-level 

distortion, the batch effects that make laboratory and processing signatures masquerade as biology 

(Leek et al., 2010; Johnson et al., 2007); and inter-source conflict, where integrated resources 

report incompatible assertions about the same entity, the condition integration platforms confront 

daily (UniProt Consortium, 2021; Wishart et al., 2022; York et al., 2020). These failure modes are 

not unique to biomolecular resources. Identifier and schema heterogeneity across sources is the 

recurring obstacle in enterprise integration architectures (Badmus et al., 2019a; Badmus et al., 

2022b; Ogundairo, 2025), cross-jurisdiction record exchange raises the same normalization burden 

under stricter auditability requirements (Adesuyi et al., 2023; Akomolafe et al., 2025), and data 

sensitivity classification with regulatory traceability supplies a working vocabulary for exactly the 

provenance metadata that curation requires (Aliliele et al., 2024a). Upstream of all of it, error 

entering at the point of measurement remains the dominant contributor, which is why pre-

analytical and analytical process control in accredited laboratories bears directly on the quality of 

records that later reach repositories (Ayinde et al., 2026), and why chain-of-custody integrity has 

been formalized in comparably regulated distribution settings (Aneke & Adesemoye, 2019). 

Two structural features distinguish biomolecular curation from generic data cleaning. First, 

its ground truth is expert judgment against community standards, ontologies with curated term 

hierarchies (Ashburner et al., 2000; Smith et al., 2007) and reporting guidelines per data type 

(Rojas-Macias et al., 2019), so labels are expensive, drift with standards versions, and encode the 

very expertise automation is meant to conserve (Burge et al., 2012). Second, its errors are 

consequential downstream in ways that resist local assessment: a mis-normalized gene propagates 

through every analysis that joins on it, which is why the field's most successful learned curation, 

proteomics validation, is precisely the case where error was made a measured, controlled quantity 

at the point of production (Elias & Gygi, 2007; Käll et al., 2007). These features explain the field's 

trajectory reviewed below: learning succeeds where it either inherits calibrated error control or 

directs, rather than replaces, expert judgment. The dependence on expert judgment as ground truth 

also makes inter-rater agreement a measurable property of the labeling process rather than an 

assumption about it, a point developed formally in work on the disagreement problem in human-

in-the-loop learning, where systematic reviewer divergence is shown to carry information that 

averaging destroys (Ladapo et al., 2026). The downstream consequences are equally concrete: 

analyses that join on curated annotations, from gene-expression and circulating-biomarker studies 

(Okwah et al., 2026) through nutrition and DNA-marker association work (Ike et al., 2025) to 

phenotypic characterization (Ekeocha et al., 2021), inherit whatever normalization error the 

underlying resources carry, usually without any means of detecting it locally. 

4. LEARNED EXTRACTION AND ANNOTATION 

Literature extraction is the oldest front. The community assessment tradition established 

shared tasks for gene and protein mention recognition, normalization to database identifiers, and 

relation extraction, with the inaugural critical assessment fixing the evaluation culture (Hirschman 

et al., 2005). Deployed systems converted the capability into curation aids: large-scale pre-

annotation services supplying entity and concept annotations across the literature (Wei et al., 2013) 

and joint recognition-normalization models addressing the identifier ambiguity that makes 

normalization the hard half of the task (Leaman & Lu, 2016). Pre-trained language models re-

founded the area: biomedical-corpus pre-training lifted recognition, normalization, and relation 
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extraction benchmarks substantially (Lee et al., 2020), scientific-text pre-training generalized the 

recipe (Beltagy et al., 2019), domain-from-scratch pre-training showed that in-domain 

vocabularies and corpora matter beyond continued training (Gu et al., 2021), and generative 

biomedical models extended the interface toward extraction and summarization framed as text 

generation (Luo et al., 2022). For curation practice, the settled deployment pattern is assistive: 

extraction proposes, with provenance to the sentence, and curators dispose, a division the 

biocuration community has endorsed as attention-multiplication rather than replacement 

(International Society for Biocuration, 2018; Burge et al., 2012). Comparable extraction pipelines 

have been built over non-biomedical corpora, with systems for public health surveillance 

illustrating the same recognition-and-normalization architecture operating at scale over noisy text 

(Atakpa et al., 2023), and multi-agent quality control applied to the review of regulated documents 

showing how automated proposals are gated before acceptance (Ominyi et al., 2025). Parameter-

efficient adaptation makes such pipelines deployable where full domain pre-training is not 

affordable (Oyesiji et al., 2023), and the explainability that curators require of any proposal has 

been treated as an architectural constraint rather than a reporting afterthought in adjacent applied 

systems (Sanni et al., 2026). 

Sequence and structure annotation is the second extraction front, computational rather than 

textual. Protein function prediction matured under community assessment at repository scale, with 

successive challenges documenting real but bounded progress and persistent difficulty on specific 

ontology branches (Radivojac et al., 2013; Zhou et al., 2019), against the ontology infrastructure 

that makes function a computable target at all (Ashburner et al., 2000). Structure prediction's 

breakthrough changed the annotation economics outright: near-experimental accuracy at proteome 

scale (Jumper et al., 2021) and the ensuing database of predicted structures made computational 

annotation a primary content type alongside experimental record (Varadi et al., 2022). The curation 

consequence is a new object of governance, predicted knowledge with model-attached confidence, 

whose handling, provenance labeling, confidence thresholds, and update-on-retrain policy, is now 

a live curation question the challenges section returns to. Governing model outputs as content, 

rather than as analysis, is the general form of this problem, and it has been posed in the same terms 

in the model-governance literature, where release-gating and automated evaluation determine what 

a model is permitted to assert and under what recorded conditions (Nwakamma et al., 2024a). 

5. LEARNED ERROR DETECTION AND VALIDATION 

The exemplar is instrument-pipeline validation, where statistical learning made error a 

controlled quantity. Sequencing established the pattern first: learned base-call quality scores with 

calibrated error probabilities became the substrate on which all downstream filtering rests (Ewing 

& Green, 1998). Shotgun proteomics generalized it: empirical mixture models converted database-

search scores into identification probabilities (Keller et al., 2002), target-decoy construction 

supplied distribution-free false discovery estimation (Elias & Gygi, 2007), and semi-supervised 

rescoring learned discriminative functions per dataset while preserving decoy-based error control 

(Käll et al., 2007), a composition whose governing idea, learn aggressively, control error 

externally, is this review's recurring lesson. Multiple-testing machinery underwrites the same 

discipline wherever screening is high-dimensional (Benjamini & Hochberg, 1995; Storey & 

Tibshirani, 2003). 

Above the instrument layer, error detection generalizes as anomaly and constraint learning 

over records. The anomaly detection literature supplies the unsupervised repertoire, density, 
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isolation, and distance-based detectors with a consolidated taxonomy (Chandola et al., 2009; 

Breunig et al., 2000; Liu et al., 2008), applied to database entries as deviation from accepted-entry 

distributions and violation of compositional constraints. The data-management strand adds learned 

error detection proper: systematic frameworks for cleaning (Chu et al., 2016; Ilyas & Chu, 2019), 

probabilistic repair engines that combine integrity constraints, statistics, and external evidence into 

holistic corrections (Rekatsinas et al., 2017), few-shot error detectors that learn a resource's error 

distribution from small samples via augmentation (Heidari et al., 2019), and cleaning oriented 

explicitly to the downstream model, prioritizing repairs by their effect on analysis (Krishnan et al., 

2016). Deployed biomolecular use composes the two strands: constraint and standards checks 

convert community rules into features, statistical screens flag value-level implausibility, and 

detectors route candidates to review, with the calibration and evaluation cautions of the prediction 

literature attached wherever flags gate decisions (Guo et al., 2017; Whalen et al., 2022). The 

applied anomaly-detection literature outside biology supplies useful evidence on how such 

detectors behave at operational scale: on financial time series, where seasonality and legitimate 

rare events confound naive thresholds (Atakpa & Fobellah, 2023); on industrial control telemetry, 

where physical constraints supply the analogue of compositional checks (Adebayo et al., 2023; 

Adegbite et al., 2023); on log and event streams, where triage volume rather than detection 

sensitivity is the binding constraint (Mbonu et al., 2019); and on transaction monitoring, where 

scores must be calibrated against a fixed review budget (Fadayomi et al., 2024; Ominyi et al., 

2024a). Root-cause and corrective-action methodology, developed in regulated quality systems, 

addresses the step after detection that curation also requires, namely deciding whether a flagged 

record indicates a local error or a systematic process fault worth correcting at source (Aneke et al., 

2022). Detection at the point of measurement remains the cheapest intervention of all, whether 

through field-deployable analytical methods (Aneke & Adesemoye, 2024) or through learned 

interpretation of biosensor output (Olorunkosebi et al., 2023). 

6. LEARNED ENTITY RESOLUTION AND INTEGRATION 

Entity resolution, deciding when records denote the same molecule, gene, sample, or study, 

is the integration bottleneck and a classical learning problem. The record-linkage tradition 

established the machinery, blocking to control candidate space, similarity features, and match 

classification, surveyed comprehensively for duplicate detection (Elmagarmid et al., 2007) and 

consolidated as an engineering discipline with evaluation practice (Christen, 2012). Deep matching 

brought representation learning to the comparison step, with systematic architectures showing 

where learned representations beat engineered similarity, textual and dirty attributes foremost, and 

where classical methods hold, clean structured records (Mudgal et al., 2018). Biomolecular 

resolution adds domain structure to the generic problem: identifier systems with explicit cross-

references make much resolution rule-based, while the hard residue, literature-derived mentions, 

legacy records, cross-database assertions, is exactly the ambiguous-name regime where learned 

normalization earns its keep (Leaman & Lu, 2016; Wei et al., 2013). Integration engineering 

outside the biomolecular domain has converged on similar decompositions, with extract-

transform-load design treating identifier mapping as a first-class concern rather than a 

preprocessing detail (Badmus et al., 2019a) and enterprise service-bus patterns formalizing how 

heterogeneous sources are reconciled without collapsing their provenance (Badmus et al., 2022b). 

Integration platforms are where resolution meets conflict. Knowledge bases that aggregate 

across sources, protein-centric (UniProt Consortium, 2021), metabolome-centric (Wishart et al., 
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2022), and glycoscience-centric (York et al., 2020), confront the full pipeline: map identifiers, 

merge duplicates, and adjudicate conflicting assertions with provenance retained, under ontology-

governed vocabularies that make assertions comparable at all (Ashburner et al., 2000; Smith et al., 

2007). The learned contribution across this pipeline is presently strongest at its edges, mention 

normalization into identifier space and duplicate candidate ranking, and weakest at adjudication, 

where conflict resolution remains policy and expertise; the probabilistic-repair line points at 

learned adjudication, evidence-weighted repair under constraints (Rekatsinas et al., 2017), but 

biomolecular deployments at that depth remain early, a gap Section 10 records. Where adjudication 

cannot yet be automated, the auditable alternative is to make the adjudication trail itself durable 

and inspectable, an approach developed in regulatory-transparency and audit-trail architectures for 

cross-organizational data exchange (Kumuyi et al., 2023; Oshoba et al., 2020). 

7. LEARNED IMPUTATION AND BATCH CORRECTION 

Missingness in biomolecular data is structured and informative, and its principled treatment 

rests on the missing-data framework, mechanisms distinguished, analysis matched to mechanism 

(Rubin, 1976; Little & Rubin, 2002), with chained-equations multiple imputation as the general-

purpose workhorse and its pooling rules preserving uncertainty through downstream analysis (van 

Buuren & Groothuis-Oudshoorn, 2011; Sterne et al., 2009). The curation-relevant discipline is less 

the imputation model than its placement: imputation is fitted within, not before, whatever 

validation surrounds downstream use, and absence indicators are retained where missingness itself 

carries signal, the practice the pitfalls literature demands (Whalen et al., 2022; Kapoor & 

Narayanan, 2023). The same placement discipline recurs wherever imputed values feed 

forecasting: long-range statistical models prove sensitive to how gaps were filled well before they 

are sensitive to model class (Atakpa et al., 2024), and integration of heterogeneous covariate 

sources compounds the problem when missingness patterns differ systematically by source 

(Oparah et al., 2024). 

Batch correction is the repair function the high-throughput era made unavoidable. The 

foundational demonstration that batch effects pervade high-throughput studies and can dominate 

biological signal reframed source structure as a first-class data-quality dimension (Leek et al., 

2010), and empirical-Bayes adjustment became the standard repair for location-scale batch 

differences, robust at the modest per-batch sample sizes real studies have (Johnson et al., 2007). 

For curation practice, the two functions converge on one rule: repaired values are annotated values. 

Imputed entries, corrected intensities, and adjusted profiles enter resources with method, version, 

and provenance attached, because repair without provenance converts data quality problems into 

data provenance problems, and the FAIR agenda's reusability principle makes the annotation 

obligation explicit (Wilkinson et al., 2016). Source-structured distortion is not confined to 

laboratory batches. Systematic differences between data-generating units can produce models that 

are accurate in aggregate while being unreliable for particular subgroups, a failure mode 

documented directly in district-level prediction work where overall accuracy masked uneven 

performance across units (Komi, 2023). That result is the same argument, reached from a different 

direction, for treating source structure as a data-quality dimension rather than a nuisance parameter. 

8. LEARNING-DIRECTED CURATION WORKFLOWS 

The workflow layer is where learning meets the scarce resource directly. Active learning 

formalizes attention allocation: query strategies select the records whose labels most improve the 
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model, with the survey literature organizing uncertainty, disagreement, and expected-change 

strategies and their failure modes (Settles, 2009), and curation deployments using the same 

machinery to order review queues by expected yield. Weak supervision attacks the label bottleneck 

from the other side: labeling functions, heuristics, standards checks, distant supervision from 

existing resources, are combined by a generative model into probabilistic training labels, trading 

label quality for label volume under explicit noise modeling (Ratner et al., 2017), a natural fit for 

curation where community rules and legacy annotations abound and gold labels are dear. Human-

in-the-loop composition is the deployed synthesis: models propose with provenance and calibrated 

confidence, curators adjudicate, adjudications return as labels, and the loop's own health, 

agreement rates, drift in proposal quality, reviewer burden, is monitored, the assistive pattern the 

biocuration community's assessments endorse and the interactive-cleaning line demonstrates for 

statistical workloads (International Society for Biocuration, 2018; Krishnan et al., 2016). State-of-

the-art treatments of human-in-the-loop machine learning consolidate the same composition 

beyond curation, cataloguing where human judgment enters learning loops and what it costs to 

keep it there (Ladapo et al., 2022). Two further findings from that literature bear on curation loops 

specifically. The first is that reviewer disagreement is systematic rather than noise, so loops that 

average it away discard the signal that would otherwise flag ambiguous cases or drifting standards 

(Ladapo et al., 2026). The second is that federated and cross-organizational arrangements, in which 

review labor is distributed across institutions that cannot pool raw records, are a realistic 

deployment shape for community resources rather than an exotic one (Sanni et al., 2023). 

The workflow layer also carries the automation-governance question. Curation labels are 

expert judgment, so inter-curator agreement bounds every model trained on them; automation bias, 

deference to model proposals, threatens the independence that gives adjudication its value; and 

feedback loops, submitters learning the checker, model retraining on its own accepted proposals, 

can entrench errors efficiently. The documented responses are procedural: blinded review streams 

that continuously measure model-curator disagreement, provenance separating human-asserted 

from machine-proposed content, and retraining gates on labeled, adjudicated data only, disciplines 

the reproducibility literature's leakage taxonomy motivates directly (Kapoor & Narayanan, 2023; 

Whalen et al., 2022). Comparable governance controls have been specified for automated decision 

systems in other regulated settings, where continuous auditing of model behavior in production 

(Aliliele et al., 2025a; Fobellah, 2025), documented model-risk management with named 

ownership (Ominyi & Anichukwueze, 2023), and structured acceptance testing before deployment 

(Eyetsemitan et al., 2023) are treated as prerequisites rather than refinements. 

9. INFRASTRUCTURE AND REPRODUCIBILITY SUBSTRATE 

Learned curation deploys on infrastructure the community built for other reasons, and 

inherits its strengths. Ontologies make annotation computable and interoperable, the gene ontology 

as the exemplar (Ashburner et al., 2000) and the foundry coordinating orthogonal, principled 

vocabularies across domains (Smith et al., 2007). Minimum-information standards convert 

completeness into checkable predicates per data type, with community roadmaps pressing 

standardization where heterogeneity is worst (Rojas-Macias et al., 2019), and the FAIR principles 

frame the target properties, findable, accessible, interoperable, reusable, that curation serves 

(Wilkinson et al., 2016). Repositories supply the deployment surface and the training substrate at 

once (UniProt Consortium, 2021; Perez-Riverol et al., 2019; Deutsch et al., 2017; Barrett et al., 

2013), and workflow managers make curation pipelines themselves reproducible artifacts, 
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versioned, portable, and provenance-capturing (Di Tommaso et al., 2017; Köster & Rahmann, 

2012; Wratten et al., 2021), on standard scientific tooling (Pedregosa et al., 2011). The substrate's 

reproducibility stakes are the field's: the deficits documented across preclinical research price what 

silent data problems cost downstream (Freedman et al., 2015; Baker, 2016; Ioannidis, 2005), which 

is the economic argument for curation infrastructure stated in the currency decision-makers use. 

The operational half of this substrate is less often written up but is equally load-bearing. Curation 

pipelines are software, and inherit the practices that make software auditable: version control with 

enforced review (Badmus et al., 2022a), continuous integration and deployment discipline 

(Badmus et al., 2018), declarative infrastructure definition so that environments are reproducible 

rather than remembered (Mbonu et al., 2020), and governed platform administration where the 

deployment target is itself regulated (Badmus et al., 2019b). Storage and access architecture carries 

comparable weight, with lakehouse governance addressing lineage and retention at repository 

scale (Aliliele et al., 2025b) and privacy-preserving architecture determining what may be 

integrated at all when sources fall under differing access regimes (Atakpa & Abolaji, 2022; Aliliele 

et al., 2024b). The legal and ethical framing of these obligations has itself been modeled explicitly, 

which matters for curation because access constraints shape what integration is permissible before 

they shape what is technically feasible (Mbonu et al., 2018; Orise & Niniola, 2025). 

10. CHALLENGES AND OPEN PROBLEMS 

Five challenges structure the field's near term. Label validity and circularity: curation 

models learn from curated labels and are evaluated on the repositories they serve, so agreement 

statistics, standards-version drift, and train-test contamination through shared provenance are 

structural threats, and the field under-reports all three; the remedy, agreement measurement before 

modeling, provenance-aware splitting, and temporal evaluation, is known and unevenly practiced 

(Whalen et al., 2022; Kapoor & Narayanan, 2023). Adjudication remains unlearned: extraction, 

flagging, matching, and ranking are demonstrably learnable, while conflict resolution across 

sources, the step that makes integrated resources authoritative, remains expert policy, with 

evidence-weighted probabilistic repair a promising but under-deployed direction (Rekatsinas et 

al., 2017; UniProt Consortium, 2021). Analogous accountability problems have been analyzed in 

settings where automated decisions must be defended to a regulator, and the resulting emphasis on 

documented model risk, contestability, and evidentiary trails maps closely onto what curation 

circularity audits would need to record (Ominyi & Anichukwueze, 2023; Ominyi & 

Anichukwueze, 2024; Annan, 2024). 

Predicted knowledge governance is the newest challenge: repositories now hold model 

outputs at scale, structures foremost (Jumper et al., 2021; Varadi et al., 2022), with function 

prediction pressing the same way (Zhou et al., 2019), and curation must decide provenance 

labeling, confidence thresholds for downstream visibility, versioning under model updates, and the 

containment of circularity when predictions train successors. Language-model extraction raises 

the adjacent version: generative extraction is fluent, scalable, and capable of confident error, so 

the assistive pattern's provenance-to-sentence discipline becomes load-bearing exactly as the 

proposal volume grows (Luo et al., 2022; Gu et al., 2021), and human-centered treatments of 

generative-AI-assisted annotation reach the same conclusion from the annotation side, with loop 

design deciding whether oversight remains meaningful as automation proposes at scale (Ladapo 

et al., 2024). Finally, evaluation infrastructure lags the functions: text mining and function 

prediction have community assessments (Hirschman et al., 2005; Radivojac et al., 2013), while 
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error detection, resolution, and workflow-level curation lack shared benchmarks with realistic 

error distributions, leaving deployments to per-resource evidence, a gap the general cleaning 

literature's benchmark practice could seed (Ilyas & Chu, 2019; Heidari et al., 2019). Institutional 

readiness for the governance these challenges imply is uneven, as assessments of organizational 

preparedness for emerging AI regulation report (Ominyi et al., 2024b; Afrihyia et al., 2024), and 

the technical attack surface of automated proposal pipelines has itself become a governance object, 

with generative components exposed to manipulation of their inputs and tooling in ways that would 

corrupt proposals silently (Nwakamma et al., 2024b). Auditability of automated decision-making 

under transparency and anti-discrimination obligations supplies a further template for what a 

defensible provenance policy must record and retain (Annan, 2025). 

11. FUTURE DIRECTIONS 

Four directions follow. First, calibrated curation as a norm: every learned proposal, 

extraction, flag, match, repair, carries a calibrated confidence and provenance, with resource-level 

dashboards of proposal quality over time, extending the proteomics lesson, error as a governed 

quantity, across all curation functions (Elias & Gygi, 2007; Guo et al., 2017). Second, benchmark 

construction for the unbenchmarked functions: community datasets with realistic, documented 

error and duplication distributions, and evaluation protocols that respect provenance structure in 

their splits, giving error detection and resolution the assessment culture extraction has enjoyed 

(Hirschman et al., 2005; Christen, 2012). Third, weak-supervision-first curation stacks: 

community rules, standards checks, and legacy annotations compiled systematically into labeling 

functions per resource, making the label bottleneck an engineering problem rather than a staffing 

one (Ratner et al., 2017), with active learning allocating the expert labels that remain (Settles, 

2009). Fourth, governance frameworks for predicted content: provenance ontologies 

distinguishing measured, curated, and predicted assertions, threshold and versioning policies for 

model-derived records, and circularity audits as standard repository practice, the curation 

community's next standards project as prediction becomes a primary content source (Varadi et al., 

2022; Smith et al., 2007; Wilkinson et al., 2016). Two enabling conditions cut across all four. The 

first is that governance be specified as an institutional function with defined ownership and audit 

obligations, rather than as a set of per-project conventions that lapse with staff turnover (Ominyi 

et al., 2026; Ekechi et al., 2026). The second is that curation of training data be treated as a first-

class stage of any model that will subsequently propose curation, closing the loop between corpus 

construction and downstream assertion quality (Oyesiji et al., 2024), including where inference 

must run under constrained resources close to the point of data generation (Nwakamma et al., 

2025). Risk-based approaches to evidentiary sufficiency, developed where regulators must decide 

how much evidence is enough to act, offer a workable model for setting confidence thresholds on 

predicted content (Eze et al., 2024). 

12. CONCLUSION 

This review has synthesized machine learning for biomolecular data wrangling and 

curation across five functions: extraction and annotation, where text mining and computational 

prediction now propose at scales curation could never reach manually; error detection and 

validation, where the instrument-pipeline lineage shows learned scoring under external error 

control at its most successful; entity resolution and integration, where learning owns the edges and 

expertise still owns adjudication; imputation and batch correction, where principled repair is 
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available and provenance-annotated deployment is the discipline; and learning-directed 

workflows, where active learning, weak supervision, and human-in-the-loop composition convert 

scarce expertise into directed attention. 

Three conclusions carry the synthesis. First, the field's durable successes share one 

architecture: models propose aggressively, error is controlled by mechanisms outside the model, 

and humans adjudicate where judgment is the ground truth. Second, the binding constraints are 

now evaluative and governance-shaped rather than algorithmic: label circularity, missing 

benchmarks for whole function areas, and the influx of predicted content are where progress is 

gated. Third, the economics remain decisive: data growth guarantees the curation gap widens on 

manual methods, and the reviewed literature shows learned curation is the only instrument that 

scales expert judgment rather than merely substituting for it. The agenda that follows, calibration 

as norm, benchmarks for the unbenchmarked, weak-supervision-first labeling, and governance for 

predicted knowledge, is the path by which the field's data infrastructure keeps pace with its 

instruments. That instrument is not exclusive to biology. The same architecture, aggressive 

proposal under external error control with human adjudication reserved for genuine judgment, has 

emerged independently wherever expert review became the bottleneck on data quality (Ladapo et 

al., 2022; Ominyi et al., 2025; Borah et al., 2022), which suggests the curation problem is structural 

rather than domain-specific, and that the biomolecular sciences should expect both to borrow from 

and to contribute to that wider literature. 
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