International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | December 2025 | Volume 15 | Issue 6 | Page 23-33
Victor Santos, Data Quality as a Bottleneck in Al-Driven Natural Product Discovery: Bias, Completeness, Assay Reliability, Chemical Annotation,
and Model Generalizability

et o,

\

v/

by,

3

\
-

ouppn -

j”

Data Quality as a Bottleneck in Al-Driven Natural
Product Discovery: Bias, Completeness, Assay
Reliability, Chemical Annotation, and Model
Generalizability

Victor Santos'*, Ana Beatriz?, Joaquim Dias’

1Department of Al for Phytopharmaceutical Quality Control and Fingerprinting, Faculty of Pharmacy, University of
Porto, Porto, Portugal.
2Department of Computational Metabolomics for Herbal Standardization, Faculty of Pharmaceutical Sciences,
University of Campinas, Campinas, Brazil.
ABSTRACT

Artificial intelligence is increasingly used to support natural product discovery through structure-based
prediction, bioactivity modeling, target inference, omics interpretation, ADMET estimation, toxicity prediction,
and candidate prioritization. However, the reliability of these approaches depends on the quality of the
chemical, biological, assay, source, and annotation data from which models learn. This article develops an
original data quality framework for Al-driven natural product discovery. The framework treats data quality as
a multidimensional bottleneck involving provenance, completeness, representativeness, assay reliability,
chemical annotation, biological context, harmonization, leakage prevention, external validation, domain
applicability, uncertainty communication, and auditability. Particular emphasis is placed on sampling bias,
publication bias, database bias, missingness, class imbalance, label noise, conflicting records, incomplete
metadata, assay variability, uncertain compound identity, stereochemical ambiguity, target annotation quality,
and model generalizability. The central argument is that Al-driven natural product discovery is constrained not
only by model architecture but also by the reliability, provenance, completeness, and domain relevance of the
data used to train, validate, and interpret models. The proposed framework supports cautious research
prioritization by defining quality-control gates across raw data, curated data, and model-ready datasets. It is
conceptual rather than empirically validated and is intended to guide transparent dataset evaluation, model
interpretation, and uncertainty-aware discovery workflows.
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INTRODUCTION

Al-driven drug discovery is fundamentally data-
dependent: molecular representations, bioactivity labels,
target annotations, omics profiles, ADMET endpoints,
toxicity records, and literature-derived evidence all shape
what models can learn and how their outputs can be
interpreted. Machine learning has become embedded
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across drug discovery workflows, but its usefulness
depends on data suitability, validation design, and the
degree to which training information reflects the intended
prediction problem [1].

Natural product discovery intensifies these data-quality
requirements because natural products often involve
complex structures, stereochemical diversity, variable
biological sources, incomplete source metadata, and
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uneven analytical or bioactivity evidence. The value of
large-scale natural product data therefore depends not only
on volume but also on preserving chemical, biological, and
provenance information that permits careful reuse [2].
Recent Al applications in natural product discovery
connect chemical structure prediction, biosynthetic
inference, dereplication, activity modeling, metabolomics,
genomics, and candidate prioritization. These approaches
create opportunities for discovery acceleration, yet they
also expose bottlenecks when datasets contain uncertain
annotations, sparse metadata, heterogeneous assays, biased
sampling, or limited external validation [3].

This article proposes an original data quality framework
for Al-driven natural product discovery. The framework
focuses on bias, completeness, assay reliability, chemical
annotation, model-ready  harmonization, = domain
applicability, external validation, uncertainty
communication, and auditability, while avoiding the
assumption that deep learning architectures alone can
overcome weak or poorly documented datasets [4].

Data quality in natural product discovery

Data quality in natural product discovery should be
understood as a multidimensional property rather than a
single completeness score or a post hoc model-
performance indicator. Relevant dimensions include
provenance, source transparency, compound identity,
structural correctness, stereochemical clarity, biological
source metadata, assay metadata, bioactivity annotation,
target annotation, harmonization, versioning, and external
validity. Natural product databases vary in scope,
coverage, curation depth, and field completeness, which
means reuse requires explicit assessment of what each
resource can and cannot support [5].

Integrated natural product repositories can improve
accessibility by aggregating compound records across
sources, but aggregation also increases the need for
identifier = harmonization,  duplicate = management,
standardization of molecular structures, and transparent
handling of uncertain or conflicting records. In this
context, model-ready data are not merely raw database
exports; they are curated, documented, and quality-
controlled representations of natural product identity and
associated evidence [6].

Source metadata are especially important because natural
product meaning is linked to the producing organism,
ecological context, isolation history, and chemical
evidence. Microbial natural product resources illustrate
how structured source and compound records can support
reuse, but they also show that database value depends on
traceable structure information, update practices, and
provenance-aware documentation [7].
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Bioactivity data add another layer of complexity because
activity labels are meaningful only when interpreted
together with assay format, target identity, organism or cell
system, endpoint definition, units, confidence level, and
curation history. Public bioactivity resources support Al-
driven discovery when they preserve assay, compound,
and target context, but these records should not be treated
as context-free labels for model training [8].

Bias, completeness, and assay reliability

Bias in Al-driven natural product discovery can arise from
the way compounds, organisms, targets, assays, diseases,
and publication records enter databases. Sampling bias
may overrepresent well-studied species, chemical classes,
geographic regions, or therapeutic areas, while publication
bias may privilege positive or unusual findings. Weak
chemical and biological data can propagate through
machine-learning pipelines and create misleading
candidate rankings if data quality is not evaluated before
modeling [9, 10].

Assay reliability is a central bottleneck because bioactivity
values may vary across laboratories, measurement formats,
endpoints, biological systems, and reporting conventions.
Combining potency labels such as IC50 or Ki values from
different sources without sufficient assay-context control
can introduce substantial
measurements are treated as interchangeable evidence for
the same biological effect [10].

Assay metadata therefore function as a quality-control
layer rather than as optional descriptive information.
Bioactivity modeling should account for biological
context, assay conditions, target information, endpoint
definitions, and experimental setting before interpreting
labels as comparable training data [11]. Missing bioactivity
values also require explicit treatment, because missingness
may reflect untested combinations, reporting gaps, assay
selection bias, or structured absence rather than random
data loss [12, 13].

Model evaluation can be distorted when redundancy, class
imbalance, incomplete metadata, or inappropriate split
strategies allow models to memorize chemical similarity
patterns rather than generalize to new discovery settings.
Ligand-based classification benchmarks can reward
memorization when related compounds are distributed
across training and test data [13]. Molecular benchmark
design also shows that task definition, split strategy, and
dataset imbalance influence how model performance
should be interpreted [14].

Table 1 summarises major data-quality bottlenecks related
to bias, completeness, and assay reliability in Al-driven
natural product discovery.

noise, especially when
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Table 1. Data-Quality Bottlenecks in AI-Driven Natural Product Discovery: Sampling Bias, Publication Bias, Database
Bias, Missingness, Class Imbalance, Assay Variability, Label Noise, Metadata Gaps, and Validation Requirements

Data-qualit . Al modelin Risk of false Quality-control c L. Framework
1 y Core problem Typical source g . Q ty Validation need
bottleneck consequence inference requirement relevance
Dataset Literature-
overrepresents derived A candidate Profile
certain records, Model learns appears broadly  chemical, Test on
. . compounds, selective  overrepresented romisin biological, underrepresented __. .
Sampling bias P . . . P p . & g' . P Bias detection gate
species, screening discovery  when evidence taxonomic, and or independent
targets, campaigns, spaces is domain-  assay coverage domains
diseases, or specialized narrow before modeling
assay types databases
Positive or
unusual . .. . Compare with
. Published  Training labels Model Track evidence .
L findings are . independent or .
Publication . pharmacology overrepresent overestimates  source and . Evidence-balance
. more visible . .. prospective
bias . and natural active or notable  activity absence of . assessment
than negative o . evidence where
. product reports  compounds likelihood  negative data .
or routine available
results
Curated Model inherits
Database scope . Database Document .
. repositories, resource- . Evaluate against
and curation . . coverage is database source,
aggregation specific data from another Source

Database bias choices shape pipelines, field-

mistaken for
coverage and

version, scope,

source or time  transparency gate

available . . biological and curation .
specific curation i period

records . reality rules
databases assumptions
Regional Capture source

Natural 2 . i .
sampling, Model Underexplored  organism,

. product . — Test transfer to .
Geographic or organism-  prioritizes well-  sources are geography Representativeness 25

sources are

less represented

species bias focused studies, sampled taxa or falsely where available, check —_—
unevenly . . . . source groups
accessible locations deprioritized and sampling
represented .
species context
Incomplete .
I,) Missing . .
. reporting, Reduced feature Classify Sensitivity
Essential fields S records are . .
o database reliability and missingness by  analysis or
Missingness are absent or . . treated as . . Completeness gate
. extraction gaps, biased . field and likely =~ missingness-
incomplete . . negative or . .
untested imputation . mechanism  aware modeling
. irrelevant
endpoints
Active, .
L . Selective i
inactive, toxic, Model favors High apparent  Report label
. assays, .. . o . S
Class non-toxic, or ositiveresult majority classes accuracy hides distribution and Class-sensitive Label-distribution
. ve-resu S . .
imbalance target classes P . or overfits ~ poor minority- endpoint evaluation gate
enrichment, L .
are unevenly . minority labels class behavior balance
o rare endpoints
distributed
. Heterogeneous
Values differ . g Preserve assay
bioassays, Potency
across assay . Labels become . format, . R
Assay different differences are . .. Assay-stratified Assay reliability
A formats, non-comparable . endpoint, units, L.
variability protocols, misread as .. validation gate
systems, or . across contexts _ . . conditions, and
. endpoint biological truth
laboratories .. source
definitions
. Cross-source
Activity labels
. potency Detect
contain ; Model learns  False target, . .
aggregation, . duplicates, Noise-robust . ..
. measurement, . . unstable or activity, or . . . Bioactivity
Label noise . inconsistent . o conflicts, unit  validation and .
extraction, or . contradictory toxicity . . . . annotation gate
N units, . nconsistencies, curator review
harmonization . labels inference .
conflicting and outliers
errors
records
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Require
. . Incomplete Prediction is minimum
Biological, . . .
. records, Model inputs  interpreted metadata for  External review .
chemical, or . Model-readiness
Metadata gaps minimal  lack explanatory  beyond source, of metadata
assay context . . gate
s missin reporting, context supported  structure, assay,  sufficiency
g legacy datasets context target, and
endpoint
Multiple Database
entries disagree  merging, . Framework . .
- £ stne Ambiguous Keep conflict Auditability and
Conflicting  on compound repeated treats Independent . .
. . labels reduce . flags and . . conflict-resolution
records identity, assays, . . disagreement . evidence review
.. . . interpretability . resolution rules gate
activity, or nconsistent as certainty
target curation
Related or Random Model appears .
. e .pp Apply duplicate,
duplicate splitting, ) generalizable External or . . )
Leakage-prone . Inflated internal . scaffold, and Train-test integrity
compounds duplicated when it . leakage-aware
redundancy performance . similarity-aware T gate
appear across records, shared memorizes . validation
. o split checks
model splits scaffolds similarity
Single-source Model .
- Results lack £ One record Flag single-
Limited .. assay records,  confidence . Independent .
., ..., Teplication or drives source labels . Evidence-strength
reproducibility . sparse exceeds . confirmation or
. independent . . candidate  and unsupported . . gate
evidence . experimental evidence . . cautious ranking
confirmation prioritization endpoints
metadata strength

Chemical annotation and model generalizability
Chemical annotation is a decisive data-quality layer in Al-
driven natural product discovery because model inputs
often depend on whether compound identity, structure
representation, stereochemistry, and analytical evidence
are reliable enough for computational reuse. Tandem mass
spectrometry workflows can support metabolite structure
annotation, but annotation should be interpreted as
evidence-linked rather than automatically definitive,
particularly structural ~ assignments  are
computationally inferred or partially supported [15].
Molecular networking can strengthen comparative
interpretation by linking related spectral features and
supporting dereplication, but its usefulness depends on
feature quality, preprocessing consistency, spectral
evidence, and transparent annotation confidence. In natural
product informatics, feature-level workflows should
therefore be connected to data-quality controls that
distinguish raw spectral signals, processed features,
tentative annotations, and curated compound identities
[16].

Structure standardization is also required before chemical
records become model-ready. Chemical datasets may
contain  salts, mixtures,
inconsistencies,  duplicate

when

tautomers, charge-state
identifiers, = ambiguous
stereochemistry, or structure-format errors, and curation
pipelines can help make these records more consistent for
computational modeling [17].

Generalizability depends on whether chemical, biological,
and contextual representations remain valid beyond the
dataset used for model development. Multi-level biological
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representations can connect molecules with bioactivity,
target, pathway, and phenotypic information, but these
layers require harmonization before they can support
interpretable Al workflows [18]. Toxicity models illustrate
how temporal or domain-related data drift may reduce
predictive reliability when new compounds or endpoints
differ from the training domain [18, 19]. Molecular
property predictions should therefore be accompanied by
uncertainty estimates when models are applied to
unfamiliar chemical spaces, shifted data distributions, or
weakly represented natural product classes [20].

Data quality criteria

An Al-ready natural product discovery dataset should be
evaluated through explicit criteria before it is used for
model training, validation, interpretation, or candidate
prioritization. FAIR-oriented dataset selection supports
provenance, documentation, transparency, reuse, and
auditability, but FAIR alignment should be treated as a
starting point rather than a substitute for chemical,
biological, and assay-level quality assessment [21].
Model-ready therapeutic datasets also require task clarity,
benchmark transparency, endpoint definition, and
evaluation designs that reflect realistic discovery use.
Benchmark infrastructure can support consistent
comparison, yet its scientific value depends on whether
tasks, labels, splits, and metadata are appropriate for the
intended prediction setting [22].

ADMET and toxicity data require additional scrutiny
because endpoint definitions, assay systems, biological
context, and external validation strongly influence whether
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predictions are useful for discovery decisions. Prospective
ADME validation shows why prediction reliability should
be assessed beyond internal retrospective evaluation [23].
Toxicity prediction similarly depends on careful endpoint
definition and validation because noisy, imbalanced, or
context-poor toxicity labels may produce misleading safety
interpretations [24].

Uncertainty reporting is a required criterion for responsible
use of Al-ready natural product datasets because

predictions should not be interpreted as equally reliable
across all compounds, endpoints, assays, or source
domains. Scalable uncertainty estimation methods support
more cautious interpretation of molecular property
predictions and can help separate higher-confidence
prioritization from predictions requiring further review
[25].

Table 2 presents data-quality criteria for evaluating Al-
ready natural product discovery datasets.

Table 2. Data-Quality Criteria for AI-Ready Natural Product Discovery Datasets: Provenance, Completeness,

Representativeness, Chemical Annotation, Assay Metadata

, Target Annotation, Harmonization, Leakage Prevention,

Domain Applicability, External Validation, and Uncertainty Reporting

Core Required . .
. . . . Quality-control Validation Framework
Quality criterion assessment metadata or  Failure risk Al consequence R
. . gate requirement role
question evidence
Source database, .
- Irreproducible .
Can each record  publication, . .. Provenance  Source audit .
. . Unverifiable training and . Foundation
Provenance be traced to its extraction method, documentation before
. . reuse weak . layer
source? curation history, . . gate modeling
. interpretation
version
L. Database scope, .
Is the origin and . . p Hidden . Cross-source _.
Source inclusion logic, Overgeneralized Source-scope . Bias-awareness
scope of the database . . comparison
transparency update record, . model claims review . layer
dataset clear? . bias where possible
field definitions
Compound
. identity, structure, .. Missingness .
Are essential W Missing Feature gaps and Completeness . g . Data-readiness
Completeness source, assay, . . . sensitivity
fields present? ; context  biased learning  screening . layer
target, endpoint, review
units
Does the dataset Chemical class,
reflect the organism, . NS
. . £ Narrow Weak transfer to ~ Domain- External-  Generalizability
Representativeness  intended geography, target, e . . . .
. .~ applicability new domains coverage audit domain testing layer
discovery assay, endpoint
domain? distribution
Sampling source,
What P . g. .
. label distribution, Inflated . . . . . .. .
. . systematic L . Misleading  Bias-mapping Bias-sensitive Interpretation
Bias detection . publication evidence C .
biases are prioritization gate evaluation safeguard
pattern, confidence
present?
redundancy
Structure,
Is compound identifiers Incorrect Curator or
Chemical identity InChIKe ’ structure- Invalid chemical ~ Chemical orthogonal ~ Chemical-data
annotation quality  sufficiently ) Y label learning identity check evidence gate
reliable? analytical support, mappin review
’ confidence flag &
Is Chiral centers, Incorrect
Stereochemical stereochemistry —stereochemical Isomer similarity or ~Stereochemistry Ambiguous- Natural product
clarity known and  notation, isomer ambiguity activity flagging record review  identity gate
encoded? confidence inference
. Endpoint, value, . . .. .
. .. Are activity p . Label noise and  Bioactivity Endpoint-
Bioactivity unit, relation  Incomparabl . . . T
. . labels endpoint annotation specific ~ Bioactivity gate
annotation quality . symbol, assay e labels . . S
interpretable? confusion review validation
system, source
Is biological Assay type,
Assay metadata g . il Context-free  Poor assay  Assay metadata Assay-aware C
. context organism or cell . . Reliability layer
quality . labels transfer requirement evaluation
documented? line, target,
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protocol, detection

method
Target ID, species, ..
. Is the target g . P Mechanistic . .
Target annotation . isoform, . False target ~ Target mapping Orthogonal Mechanism
S assignment misassignme . . .
reliability . confidence, inference review evidence check layer
credible? . . nt
mapping evidence
Pathwa Are pathway Pathway database, . . . Pathwa Biological . .
.y . P . Y . . Y . Overinterpre  Misleading . Y .g. . Biological-
annotation links evidence- identifier mapping, . . evidence plausibility
. . ted biology pathway ranking . . context layer
reliability based? evidence type grading review
Missing-field
.. patterns, Biased . . s
Missingness ~ Why are values . . . Distorted Missingness Sensitivity ~ Completeness
. imputation status, deletion or L . . .
management missing? . . training signal  classification analysis safeguard
absence reason  imputation
where known
. Are labels  Duplicate records, Reduced . . R
Label-noise . P . Unstable o Conflictand  Noise-aware Reliability
. internally  conflicting values, calibration and . . oy
detection . . labels noise detection  validation safeguard
consistent?  units, assay source false confidence
How are Resolution rule, . .
. . Arbitrary . . Conflict- .
. . contradictory retained Hidden curation . . Auditability
Conflict resolution . data . resolution  Curator review L
records alternatives, cleanin bias rotocol criterion
handled? curator notes & P
Unit conversion,
Are units, ontology mapping
o ’ A > Non- .. Cross-database
Data identifiers, and identifier Feature-label Harmonization . Model-
. comparable . consistency .
harmonization structures crosswalk, mismatch gate readiness layer
. records check
standardized? structure
normalization
Split rule,
Are training and duplicate check,  Inflated = Memorization .
Leakage & P . . . Split-stress . 28
- test data scaffold or internal mistaken for  Leakage audit . Validation gate _
prevention . N . testing
independent? similarity performance generalization
grouping
Independent
Does the model dataset, temporal Weak External e
Sy . . P . Local-only . S Independent Generalizability
External validation hold outside  split, prospective translational validation .
. . performance L . evaluation gate
internal data? evidence, external reliability requirement
source
Applicabili
. Where should Ppiicabt ty. . N o ..
Domain dictions b domain, similarity ~ Out-of- Unreliable  Applicability- Domain-shift Use-condition
Lo redictions be . s . .
applicability P trusted? range, source- domainuse prioritization  domain flag evaluation layer
' domain match
Calibration,
. uncertainty score, Misleading . o .
Uncertainty Is confidence Overconfide . Uncertainty Calibration  Interpretation
. . confidence .. candidate
reporting communicated? . . nt decisions . output gate assessment safeguard
interval, abstention ranking
rule
Dataset version,

Can the dataset curation log, split

and model be record, code Irreproducib Non-auditable Version-control Reproducibility Governance

Versioning and

auditability le workflow claims gate audit layer

reconstructed?  version, change
history

Proposed framework annotations, omics profiles, ADMET endpoints, toxicity
The proposed data quality framework begins with data  data, and literature-derived evidence are mapped to their
source identification and provenance documentation. At  origin, version, and curation status. Biomedical dataset
this stage, raw natural product records, chemical structures,  integration and knowledge-graph perspectives highlight
source metadata, bioactivity evidence, assay records, target  the need to connect identifiers, entities, relationships, and
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provenance before downstream inference is attempted
[26].

The second stage evaluates completeness, bias, assay
reliability, and annotation confidence before data are
converted into model-ready form. This proposed stage
requires missingness classification, source transparency
review, class-balance inspection, conflict detection, assay-
context assessment, chemical annotation review,
stereochemistry flags, and target or pathway mapping
checks. Predictions derived from records that pass these
gates should still be interpreted as confidence-qualified
research priorities, and conformal prediction offers one
route for communicating prediction confidence in drug
discovery contexts [27].

The third stage concerns model-readiness and validation.
Model-ready datasets should include standardized
structures, harmonized identifiers, documented endpoint
definitions, assay metadata, train-test split integrity checks,
leakage-prevention logic, applicability-domain flags, and
uncertainty outputs. Evidential deep learning illustrates
how molecular property prediction can integrate

uncertainty estimates into guided discovery, supporting
cautious ranking rather than definitive claims [28].

The fourth stage introduces external validation, domain
applicability, and auditability as required safeguards
before Al outputs are used for discovery interpretation.
Leakage-prevention methods emphasize that split design is
itself a data-quality issue because inappropriate splitting
can allow information from related records to influence
both training and evaluation [29].

The final stage defines decision boundaries for Al-driven
natural product discovery. Candidate prioritization should
be accompanied by documentation of data provenance,
quality-control gates passed, unresolved uncertainty,
applicability limits, expert-review requirements, and
validation plans. Confidence assignment in molecular
property prediction supports the principle that Al outputs
should guide prioritization under uncertainty rather than
replace chemical, biological, assay, and translational
validation [30].

Table 3 presents the proposed data quality framework for
Al-driven natural product discovery.

Table 3. Proposed Data Quality Framework for AI-Driven Natural Product Discovery: Data Provenance, Bias
Detection, Completeness Assessment, Assay Reliability, Chemical Annotation, Model-Ready Harmonization, External
Validation, Generalizability, Uncertainty, and Auditability

uality- High-
Framework Core Required Q Y & Caution Validation . . Discovery
. control confidence . R Failurerisk . |
stage purpose input . . signal requirement implication
action signal
Database
records, Catalogue
literature- source, .
. . . Discovery
Define what derived scope, Source is  Source scope Hidden .
Data source . . . . . claims cannot
. . . data are beingevidence, assay extraction traceable isunclearor Source audit  provenance
identification . . be traced
used records, omics route, and and relevant mismatched gaps reliabl
files, ADMET intended y
and toxicity use
records
Source
Preserve identifiers, Create  Eachrecord Aggregated
. . .. ..., Dataset can or
Provenance  origin and version labels, record-level has data lack Provenance Irreproducibilit cannot subport
documentation  version  curation notes, provenance transparent source review y a ditpp
. . . ul
history access date, fields lineage separation
update record
Compound, .
. P Classify .
Identify  source, assay, . . Essential . .
.. missingness Missingness ~ Missingness . Model-
Completeness  missing target, fields e Biased . .
. . . and affects core sensitivity . readiness is
assessment critical  endpoint, unit, . . present or . . . modeling L.
. minimum interpretation review limited
context annotation, flagged
fields
metadata fields
Chemical
. Map
class, species, . e
sampling, Coverage Prioritization
Detect geography, .. Narrow or . Inflated
. . . publication, matches Bias-aware . may exclude
Bias detection systematic  target, assay, . overrepresente . discovery
database, intended . evaluation underexplored
skew label, . . d domain confidence
. species, and  domain areas
publication :
class bias
patterns
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Assay format,
conditions, Preserve

. Assa .
Assess endpoint, assay Y Candidate
Assay metadata  Cross-source . .
L whether target, context and Assay-stratified . ranking may
reliability . supports labels lack . Label noise
. labels are organism, detect . . validation reflect assay
evaluation . . . .. Interpretatio context .
comparable units, replicate conflicting artifacts
or source labels
evidence
Structure,
identifiers, . . .
. . . Standardize Curated = Ambiguous Chemical
Chemical Verify stereochemistr . . Wrong .
. and flag  structure stereochemistr ~ Chemical inference
annotation  compound 'y, spectral or . . . . . . structure-label
. . . . uncertain and identity y or tentative curation review . becomes
review identity analytical . . mapping .
structures  evidence annotation unreliable
support,
duplicate flags
Target IDs, Grade
. . Evaluate organism, annotation Targetand Mechanistic . . Target
Biological . g . & . Biological False .g .
. target and isoform, evidence  pathway claims are s : prediction
annotation . plausibility mechanism .
. pathway pathway and links are weakly . . requires
review . ) review inference .
context mapping, mapping  traceable mapped caution
evidence type confidence
Units, .
Convert . . Standardize
identifiers, . Records are
. curated . units, Non-standard Cross-source Data may not
Harmonizatio . ontologies, comparable . . Feature-label .
records into structures, fields remain  consistency . be suitable for
n structures, across mismatch .
comparable . and unresolved check modeling
endpoints, sources
format vocabulary
assay terms
Curated
. . Apply . Model
Decide chemical, . Dataset is . 30
Model- . . minimum Essential . development
. whether data  biological, documented . Pre-model Unreliable -
readiness metadata quality gates . . should be
can support assay, source, . and fit-for- . review training inputs
assessment . . and quality fail delayed or
Al training  and endpoint purpose .
gates restricted
records
Check
Split plan, .
p. P . duplicate, . Related N
Protect duplicate list, Train-test Inflated Generalizabilit
Leakage . . scaffold, .. records cross Leakage-aware .
- evaluation  similarity or separation is . . . internal y may be
prevention . . temporal, . evaluation split testing
integrity scaffold defensible performance  overstated
. . and source boundary
relationships
leakage
Independent
dataset,
Test temporal Evaluate Performance .
. . Performance Discovery use
External  performance holdout, outside remains Independent Local-only
g . drops under . .. should be
validation beyond  external assay, developmen interpretable . evaluation prediction ..
. . domain shift limited
internal data  prospective t data externally
evidence where
available
Applicability-
., domain model, Compound Novel scaffold .
. Define valid e Flag out-of- p. . . . Prediction
Domain . similarity . lies within ~ or weakly =~ Domain-shift . .
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Figure 1 illustrates the proposed data quality framework
for Al-driven natural product discovery, linking
provenance, bias detection, completeness, assay reliability,
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Figure 1. Data Quality Framework for Al-Driven Natural Product Discovery

Alt-text description

A conceptual framework diagram showing natural product
data sources flowing through data provenance, bias
detection, completeness assessment, assay reliability
review, chemical annotation, harmonization, model-ready
data preparation, external validation, domain applicability
assessment, uncertainty communication, and auditability.

CONCLUSION

This article proposed a data quality framework for Al-
driven natural product discovery that links provenance,
completeness, bias detection, assay reliability, chemical
annotation, model-ready harmonization, train-test split
integrity, validation, domain applicability,
uncertainty expert review, and
auditability. The framework argues that reliable Al-driven
discovery requires not only advanced computational
models but also trustworthy, well-documented,
representative, chemically  accurate, assay-aware,
externally validated, and uncertainty-aware data. By

external
communication,

ISSN (Online) 2249-6084 (Print) 2250-1029

NY
4

distinguishing raw data, curated data, and model-ready
data, the framework supports cautious discovery
prioritization while avoiding overconfident interpretation
of predictions derived from incomplete, biased, poorly
annotated, or weakly validated datasets.
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