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ABSTRACT: Researchers increasingly use AI/ML to predict bioactivity of natural prod-
ucts from molecular structure, but datasets, validation designs, and reporting practices
vary widely across studies, making it hard to judge how trustworthy reported perfor-
mance is? We conducted a systematic review of scholarly databases from 2015 to 2026 to
identify AI/ML studies that predict experimentally measured bioactivity of natural prod-
ucts. Two reviewers screened records, extracted data, and applied an Al focused risk of
bias framework covering dataset size, data leakage, validation design, applicability domain
assessment, and reproducibility. Model performance was summarised using median AUC
and related metrics from held out, external, or prospective validation, grouped by valida-
tion tier, dataset size, and model family. We included 16 studies (52 predictive models)
among 2,705 records, spanning diverse natural product sources and pharmacological tar-
gets most models used classical machine learning. while deep learning and graph based
methods were mainly used for larger or more complex datasets. Feature selection per-
formed before data splitting and the absence of external validation were judged high risk
in 56.3% studies. Models trained on small datasets with fewer than 100 compounds
showed the highest median best AUC (0.97). whereas studies in higher validation tiers
(Tier 4-5) often reported very high median best AUC (0.98-0.999) despite limited robust
external testing, suggesting performance inflation in some settings. Overall, our findings
indicate that improving validation design, explicitly analysing applicability domains, and
routinely sharing code and data are likely to be more important for reliable natural prod-
uct bioactivity prediction than further escalation in model complexity.
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1. INTRODUCTION

Natural products have provided many clinically useful drugs
and leads. Their chemical diversity and biological activity have
been explored in areas such as oncology, infectious disease, and
metabolic disorders. Their evolutionarily refined bioactivity
profiles and chemical complexity continue to inspire lead dis-
covery in oncology, infectious disease, and metabolic disorders
[1,2]. Despite this enduring promise, the systematic identifi-
cation of bioactive natural products faces substantial logistical
constraints. Traditional experimental screening approaches
whether high-throughput in vitro assays or resource-intensive
in vivo models are limited by the sheer scale and structural
heterogeneity of natural product space, compounded by chal-
lenges in compound isolation, purification, and assay standard-
ization [2,3]. These bottlenecks restrict the efficient translation
of natural product diversity into validated leads.

The emergence of artificial intelligence (Al) and machine
learning (ML) has provided new ways to predict biological
activity directly from molecular structure and to prioritise
compounds for experimental testing [4,5]. A wide range
of modelling approaches has been explored over the past
decade. These include classical quantitative structure—activ-
ity relationship (QSAR) models, ensemble methods such
as random forests and gradient boosting, deep neural net-
works, and graph-based architectures such as graph neural
networks (GNNs) [6] and self-attentive message-passing
networks [3,7-10]. More recently, transformer-based encod-
ers have been adapted to chemical representation, further
broadening the set of tools available for this type of work [3].
Together, these approaches aim to speed up the discovery of
bioactive natural products by using larger datasets and by cap-
turing structure—activity patterns that are difficult to recog-
nise with traditional mechanistic methods.

At the same tme, the growing number of Al and ML
studies in natural product bioactivity has revealed a lot of
methodological variation. Studies draw on very different
data sources, ranging from large public repositories such as
ChEMBL and PubChem to smaller, manually curated data-
bases focused on natural products. They often use different
rules for cleaning and combining these data [1,3]. The qual-
ity, standardisation, and representativeness of the underlying
datasets strongly affect model performance, yet details of data
curation, assay harmonisation, and handling of heteroge-
neous assays are not always reported in a consistent way [1,3].
Choices about how molecules are represented whether by fin-
gerprints and descriptors, graph-based encodings, or learned
embeddings also shape model behaviour, and authors do
not always explain why a particular representation was cho-
sen [7-9]. Validation design remains a major concern. Many
studies rely only on internal cross-validation without a clearly
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independent test set, make limited use of scaffold-based splits
to reduce data leakage [11], or omit a formal applicability-do-
main analysis, all of which can inflate reported performance
and reduce reproducibility [1,9,12]. In addition, information
on code availability, hyperparameter settings, and the exact
performance metrics used is sometimes incomplete, which
makes it harder to compare models and to reproduce pub-
lished results.

Given the rapid growth of Al-driven work on natural prod-
uct bioactivity and the clear variation we see in how models
and validation schemes are implemented. There is a need to
bring the existing evidence together in a structured way [13].
In this systematic review, we aim to identify and describe Al
and ML models that predict experimentally measured bio-
activity of natural products, with a particular focus on data-
set sources, molecular representations, validation strategies,
and performance reporting practices. By summarising these
aspects across published studies, we aim to map the current
landscape, point out good practices and common gaps, and
provide practical guidance for future model development and
for linking computational predictions to experimental work
in natural product drug discovery. However, prior overviews
of Al and ML in natural product research have rarely exam-
ined, in a systematic way, how validation strategies and per-
formance metrics are implemented and reported in primary
modelling studies. This review directly addresses that gap by
pairing model-level data extraction with an Al-focused risk-
of-bias framework to evaluate validation rigour, applicabili-
ty-domain assessment, and performance reporting.

2. METHODS
2.1. Study design and reporting standards

This systematic review was conducted in accordance with
the PRISMA 2020 guidelines (Supplementary Table S6) [14].
Because of substantial anticipated heterogeneity in model archi-
tectures, molecular representations, validation strategies, and
outcome metrics, we prespecified a structured narrative syn-
thesis with stratified quantitative summaries rather than a for-
mal meta-analysis. During protocol development, we discussed
alternative quantitative options (e.g., meta-regression, subgroup
syntheses) but judged them inappropriate given the diversity and
non-comparable reporting of performance metrics across studies.

2.2. Research question

The review addressed the following question: 1) What arti-
ficial intelligence (AI) and machine learning (ML) models
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have been applied to predict the bioactivity of natural prod-
ucts. 2) what molecular representations and validation strat-
egies do they employ. and 3) how does reported predictive
performance vary according to validation rigor and dataset
characteristics?

2.3. Eligibility criteria

Eligibility criteria were defined using a modified PICOS
framework adapted for compurtational predictive modelling
studies. Studies were included if they: (1) investigated natu-
ral products, including plant-, marine-, or microbial-derived
compounds or their metabolites (2) applied AI/ML/deep
learning-based predictive models (e.g. random forest, sup-
port vector machine, neural networks, graph neural networks)
(3) predicted experimentally derived bioactivity endpoints,
such as ICsy, ECsg, Ki, Glsg, or binary activity classifica-
tions (4) reported quantitative predictive performance met-
rics (e.g. AUC/ROC, accuracy, Fl-score, MCC, RMSE, R?)
and (5) described a validation strategy (e.g. cross-validation,
internal test split, independent external dataset, or prospec-
tive validation).

“Experimentally derived bioactivity” was defined as
activity labels originating from validated in vitro or in vivo
assays, either generated in-house or obtained from curated
databases such as ChEMBL, BindingDB, or published lit-
erature. We included original research articles published in
English between January 2014 and March 2026 and excluded
reviews, editorials, commentaries, conference abstracts with-
out full methodological information, studies relying solely
on molecular docking without an ML component, work
not focused on natural product chemical space, and studies
whose predicted endpoints were unrelated to bioactivity (e.g.
drug-likeness only).

2.4. Protocol and deviations

A detailed protocol prespecifying the review question, eli-
gibility criteria, data extraction items, risk-of-bias domains,
and analysis plan was drafted before screening commenced
and is available in Supplementary Appendix A. Because this
review does not involve primary data from human or animal
participants and focuses on methodological features of artifi-
cial intelligence and machine learning models, it did not meet
the eligibility criteria for registration in PROSPERO, which
currently covers reviews of human health and wellbeing and
animal pre-clinical studies with a direct link to human health.
No substantive deviations from the original protocol were
made. Minor clarifications included refining the wording of
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the Al-specific risk-of-bias domains and adding a descriptive
stratification of performance by dataset size and model fam-
ily, both of which were consistent with the original analytic
objectives.

2.5. Information sources and search strategy

A systematic search was conducted in PubMed/
MEDLINE, Scopus, and Web of Science Core Collection.
The final search was performed on 12 January 2026 and was
limited to title, abstract, and keyword fields. Search strategies
combined three concept blocks:

Concept block Example search terms (truncated)

» o« Y

AI/ML terminology “Artificial intelligence”, “machine learning”, “deep

L
learning

Natural product terms “Natural product”, “phytochemical”, “marine”,

“microbial”
Bioactivity prediction “bioactivity”, “activity prediction”, “pharmacological

activity”

Briefly, our search strategy combined terms related to
natural products (e.g., ‘natural product®, ‘phytochemical®,
‘herbal’, ‘plant-derived’), bioactivity (e.g., ‘bioactivity’, ‘bio-
logical activity’, ‘pharmacological activity’), and artificial
intelligence or machine learning (e.g., ‘machine learning’,
‘deep learning’, ‘neural network®, ‘artificial intelligence’),
using Boolean operators (AND/OR) and database-specific
subject headings. Database-specific syntax adaptations were
applied, and full search strings for each database are pro-
vided in Supplementary Table S2. No restrictions other than
publication language (English) and period were applied at
the search stage. In addition, backward and forward citation
tracking of included studies was undertaken to identify any
further eligible articles.

2.6. Study selection

All records retrieved from the databases were imported into
a reference management system for duplicate removal and
then into Rayyan for screening. After automatic and manual
removal of duplicates, titles and abstracts of the remaining
records were screened independently by two reviewers (SDK
& SM) against the predefined eligibility criteria. Potentially
eligible studies were retrieved in full text and assessed inde-
pendently by the same reviewers, discrepancies were resolved
by discussion, with involvement of a third reviewer when
needed. The overall selection process is presented in a
PRISMA 2020 flow diagram (Figure 1).
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Figure 1. Prisma Flow Diagram. PRISMA 2020 flow diagram summarising the study selection process, including numbers of records

identified through database searching, records screened, full-text articles assessed for eligibility, and studies included in the final

systematic review.

2.7. Data extraction

A structured data extraction framework was developed
prior to full extraction. At the study level, we extracted pub-
lication year and country, natural product source (plant,
marine, microbial, mixed), dataset type (NP-only, mixed NP
+ synthetic, NP-derived), bioactivity class, endpoint type,
dataset size, experimental origin of activity labels, and pres-
ence of prospective experimental validation.

At the model level, each predictive model within a study
was extracted separately. Variables included model type (e.g.
RE, SVM, CNN, GNN), learning paradigm, task type (clas-
sification or regression), molecular representation (descrip-
tors, fingerprints, graph-based embeddings, metabolomics
features, etc.), feature engineering steps and timing of feature
selection, hyperparameter optimisation strategy, validation

approach, presence of independent external validation, use of
scaffold-based splitting, and applicability domain assessment.

Performance metrics were extracted in long format (one
row per model x validation context x metric), capturing
AUC/ROC, accuracy, Fl-score, MCC, RMSE, R?, and any
additional performance indices reported. To minimise perfor-
mance inflation, we prioritised metrics derived from held-out
test sets, independent external datasets, or prospective exper-
imental validation in the synthesis, and did not use training-
only metrics as primary outcomes.

2.8. Validation tier classification

To enable structured comparison of validation rigour,
models were categorised into five validation ters: Tier 1,
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internal random split only (e.g. a single train—test split within
one dataset). Tier 2, internal cross-validation only. Tier 3
combined internal random split plus cross-validation. Tier 4,
validation on an independent external dataset (retrospective).
Tier 5, prospective experimental validation.

Tier 5 (prospective experimental validation) was defined as
models for which predictions were prospectively tested in new
wet-lab experiments designed after model development. Tier
4 (independent external dataset) captured retrospective evalu-
ation on datasets or libraries not used for training or tuning.
When multiple validation strategies were reported for a given
model or study, we assigned the highest applicable tier based
on the most rigorous validation actually used. For example, a
model using both cross-validation and an independent exter-
nal test set was classified as Tier 4, while one with prospective
wet-lab confirmation of predictions was classified as Tier 5.

In practice, most studies that included laboratory fol-
low-up evaluated only a small number of predicted hits.
As a result, although Tier 5 (prospective experimental val-
idation) is conceptually stronger than Tier 4 (retrospective
external validation), the available Tier 5 data did not con-
sistently represent a well-powered prospective evaluation in
this corpus. For this reason, and to avoid overinterpreting
very small strata, Tier 4 and Tier 5 models were grouped
together as Tier 4-5 in the stratified analyses, and Tier 5
results are interpreted as indicating the presence of some
prospective testing rather than a fully robust prospective
validation tier.

2.9. Risk-of-bias assessment

Because the included studies were computational pre-
dictive modelling investigations rather than clinical trials
or observational studies, conventional tools such as RoB
2 or ROBINS-I were not applicable. Instead, we adapted
an Al-specific, domain-based risk-of-bias framework tai-
lored to computational predictive modelling studies. For
each included study, we assessed nine domains: (1) dataset
adequacy, (2) class imbalance, (3) data leakage risk, (4) fea-
ture selection timing, (5) hyperparameter tuning leakage,
(6) external validation, (7) applicability domain assessment,
(8) code availability, and (9) data availabilicy. Each domain
was judged as low risk, high risk, or unclear based on prespec-
ified criteria no aggregate numerical quality score was calcu-
lated to avoid artificial precision. In this context, applicability
domain assessment encompassed common QSAR practices
for delineating the reliable prediction space, including
distance-based methods (e.g., similarity or k-nearest neigh-
bour distances) and leverage-based approaches that identify
compounds lying far outside the training-set descriptor space.
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The nine domains were chosen a priori, drawing on recur-
ring sources of bias described in the AI/ML prediction-model
literature and the core structure of tools such as PROBAST
and its Al-focused updates. We did not apply PROBAST/
PROBAST+AI directly because they are geared toward clin-
ical prediction studies with patient-level data, so we instead
translated the underlying principles (e.g. data leakage, vali-
dation design, applicability and reproducibility) into an
Al-specific framework tailored to cheminformatics-style bio-
activity models.

2.10. Data synthesis

Given the diversity of targets, endpoints, dataset sizes,
molecular representations, and validation designs, we did not
perform a meta-analysis. Instead, data were synthesised using
descriptive statistics and stratified quantitative summaries.
The focus was on median “best” performance metrics, taken
from held-out, external, or prospective validation contexts
rather than internal estimates.

Performance metrics were extracted in long format, with
one row per model x validation context x metric. For each
model, we prioritised results from held-out test sets, inde-
pendent external datasets, or prospective experimental eval-
uations. Internal cross-validation and training-only results
were considered lower priority. When multiple values of
the same metric were reported within these prioritised con-
texts (for example, several AUC values), we selected the
highest reported value and treated it as that model’s “best”
performance.

Study-level summaries were then constructed by identify-
ing the top-performing model within each study. Group-level
estimates—stratified by validation tier, dataset size (<100,
100-1,000, >1,000 compounds), and model type (classi-
cal ML versus deep learning/graph-based)—were calculated
as the median of these study-level best values. Associations
between validation rigor, dataset size, and reported perfor-
mance were examined to explore possible patterns of perfor-
mance inflation.

Risk-of-bias findings were summarised using frequency
tables and visual heatmaps. Because several strata included only
a small number of studies, the reported medians should be
read as descriptive patterns, not precise pooled effect estimates.

In multi-target or multi-task studies (e.g. multiple enzyme
targets or multi-label cell-line responses), each distinct pre-
diction task was treated as a separate model entry in the
performance extraction sheet. For study-level summaries,
we selected the task-specific model with the highest priori-
tised ‘best’ AUC, so each study contributed a single best-
performing model to the stratified analyses.
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3. RESULTS
3.1. Study selection

The database search identified 2,705 records (PubMed:
575 Scopus: 1,265 Web of Science: 865). After removal of
1,246 duplicates, 1,459 unique records remained for title
and abstract screening. Of these, 1,409 were excluded as they
clearly did not meet the predefined eligibility criteria. Fifty
full-text articles were assessed for eligibility, and 16 studies
fulfilled all inclusion criteria and were included in the sys-
tematic review. The study selection process is summarized in
Figure 1 (PRISMA 2020 flow diagram), and reasons for exclu-
sion at the full-text stage were recorded and are summarised
in Supplementary Table S3 (full-text articles excluded, with
reasons, in line with PRISMA 2020).

3.2. Study characteristics

In total, 16 studies published between 2018 and 2025
were included (Table 1). Publication numbers rose noticeably
from 2022 onwards, indicating a recent increase in AI/ML
work on natural product bioactivity (Figure 2). The studies
were carried out in a range of countries, most often China,
South Korea, Brazil, Portugal, Morocco, and Thailand, with a
few multi-country teams (Table 1).

3.2.1. Natural product sources and dataset types
Natural product sources encompassed plant-derived com-
pounds, marine-derived metabolites, microbial products,

View Article online

essential oils, and mixed natural product plus synthetic
libraries (Table 1). Several studies focused on curated plant
or herbal preparations, such as Thai medicinal plants, Cuban
plant essential oils, xanthoceras extracts, and Ayurvedic
anti-epileptic herbs, while others used broader mixed datasets
that combined natural products with synthetic or semi-syn-
thetic analogues. Dataset types varied accordingly, including
NP-only collections, NP-derived subsets from larger reposito-
ries, EO-level compositions, and mixed NP + synthetic librar-
ies drawn from public and in-house sources (Table 1).

3.2.2. Bioactivity classes and endpoints

The bioactivity endpoints modelled in the included stud-
ies were predominantly pharmacological and target-specific
(Table 1). Reported bioactivity classes included enzyme inhi-
bition (e.g. CYP3A4, COX-2, anti-hyperglycaemic enzymes),
antiproliferative or anticancer activity, antiprotozoal and
schistosomicidal effects, anti-neuroinflammatory responses,
anti-Alzheimer’s targets, anti-epileptic interactions, antiox-
idant activity, and anthelmintic endpoints. Endpoints were
represented as either continuous measure (e.g. pICsy, pMIC,
other potency scales) or binary/multiclass activity labels
(active vs inactive, multi-class cell-line response), with several
studies reporting both regression and classification tasks.

3.2.3. Dataset size and experimental origin

Dataset sizes varied widely, ranging from very small
QSAR-style sets of fewer than 30 compounds to large screen-
ing collections exceeding 40,000 molecules (Table 1). When
grouped by size, 4 studies used small datasets with fewer
than 100 compounds, 6 studies used medium-sized datasets

No of included studies
w

2017 2018 2019 2020

Temporal trend of included studies

2021
Publication year

5

2024

2022 2023 2025 2026

Figure 2. Temporal Trend of Publications. Annual number of included AI/ML studies on experimentally derived natural product

bioactivity published between 2018 and 2025, illustrating the recent increase in publications from 2022 onwards.

Natural Resources for Human Health 2026, 6, 659-675 | 664


https://doi.org/10.53365/nrfhh/224641

View Article online

Kharat S, et al.

aseqerep-nnw SUONOLINUL uonorpard sqIay (wew O erpuy
oN papidwon aanrsod /09 ondopida-nuy squry ydesd smnredig ondaqida-nue orpoam4y JRUTYD) BINIA 70T $T0TYS
Ppau2a10s
SrenyoUsq A65 SNIOT+
ON Z-4dnd ¥€0°c Z-dand uonqIyui YOV uoneziumdo SAGS aseqeIep SN10T EIsouopu] $20T yTozoIueMsRy
parernd (G971 1521 (nnur)
(OATA UT + OTIA UT) S9K 2ImieIaar| /TSE uren) /16 opuIwpPYUY UOTBIYTSSE YYSO BUBTUONTI] 2ALSY Topendy 70T 7T0TZAEZUOD)
(paarrop
“TINEYD)
OoN TINTUD parrodar 10N (108181 /) Yg-huy  gYSO dyioads-103re. I[0JIGIOS SEIDOYIUEY 'UIYD) 70T SzOTueId)
(SIN euIxd DIIN 2snoy-ur (@ AVSO BLINOBQOUTIOE AVSO
¥ :q yoroxddy) sag + mieir] SST+ (V) $%99 VSUW-BUY MAIN + UOISSI82Y]  SULIEW + dNSYIULS PaxIy] [Smiog 6107 -dNVSYN 6107Bd
(smf
(pareprfea 29 uewgney|) (SA) 20S Surusams AVSO
PASEq-[20 $11Y G) 9K STMIBINIT + (MVSO) 9£1 uoniqryut Z-XOD [enuIA + VSO swsiueSioontw 9 siue[g BuD 6107 ~dAN-ZTXOD 6102V
(TdNETYD) w8 (OVIW/3404 SIONqIUETIINAYO av-gvsoomy
OoN SIMIBINTT d 1///5%/  JAYDYV) sIPWRyzZy-nuy $195818P YYSO + splouoAgp 1ue[]  (R{nu) eLadIN 1202 ~12020l0
sfesse uoniqryur (oseprsoon[3/asejure-n) [eruswradxo SQIDF{TeY.
ON  ow4zud asnoy-uf SIOBNXD [¢ orwadA[31adAy-nuy asnoy-uy siue[d [eudIpaw reyy 6 puereyy, 70T Tgrogwen|3uosug
(seaorufoody
XIeWa1sIg (SA) 000°T aseqerep JN JoeaoeIdSTUSA) SpIoTeNy
(&quo ooprs ur) oN +IINIYO + (4VSO) 60¢ [EPIOTWOSOISTYDS asnoy-utr + TgINIYO SPIO[EV vsn / 1zerg (44114 -0ISIYdS 7T OTS0ITRY
sAesse onIa RENALS) vsn / B0Z0101]
ON ur 9IMIeIaII| so[dwes OF ¥ [eozorordnuy PareInd PAS[-Q  S[I0 [enuassd Jue[d ueqny) eqnD) / [izexg 7202 -SOHZz0Tso1req
(pareprea (on1a (SA) TIT% Surusanos 195qns IN
qE[-3m SIY €) $K un) TgNAYD +(TN) €T¥°1 uoniqryut dseuny TN/ [emaia + TINIYD  ONIZ + DIN[ TENTYD BUID TT0T  IV-AN-TINI zeozsueg
(sared
(0TL~1dN TeuIaixa Aesse NE-) spunoduwod (sour] 120UBD (C) u2108 Amuu:_uoa BI0Y]
+ 2an3dsonar) oN d.1Ld 09-ION 9t1'6Y sapeagrjordnuy opeas034d orqng [ermieu pur) 09-ION ynos /vsn $20t NVOdd ¥20TIYED
Aesse
[[2° asnoy-ut Juspuadapur (woniqryur ON) asnoy-ur (asnoy-ur
(AJuo 2anoadsonar) oN + 2IMIBINIT LT+ (urewn) ¢¢ ATorewrwRpUIOINAU-NUY + POUTW-2IMEINIT + IMIBINI]) PIXIN B2I0Y] (IN0G $20C YIS D)-ON $20722T
(armaexa] (s10B1IX% (BurBuaness
+ QN/3unpop) [enreg ALesse asnoy-uy 1¢) pariodar 10N HddQ) uepxonuy Aquo-qN (sordures TIH) 2ue[q ruIyD) $70T wayD) [MINGZOTUBID)
paseInd (uonemd edwpsdyquay)
OoN 2IMIeIAIT ¥ (05D1d) 10UBONUY PaALdp-IN ‘[e 12 noyZ ud/ ) 1Ue[] 0220I0JA] $70T ~gzogmordye
(saanoe s 1ada
SIK gSurpurg 0€8°C) 075G / UOnNIqIYUI FYCIAD  ONOYIULs + JN POXIA onayuds + N PIXIA ruIyD) 8107  SOUBAPYDSY 81073ue]
uonepre
[eruswiradxs urdur
aandadsor oppyuswradxy az1s Jasere(] sseo A1ianoeorg adfy yasereq 901n0s 1onpoid [ermyeN Anuno) TR0 ar Apms

*SONSTINIETEYD) Apnag

131981

Inatural resources for human health

Natural Resources for Human Health 2026, 6, 659-675 | 665


https://doi.org/10.53365/nrfhh/224641

View Article online

AD soInseaw uonorpard (3s9q
ON ON [oLL PIoJ-C + 0T/0T/%9 NNDO utordwy  Aienusd ¢ +59A79PON Hup Lreurg [eqo[3) gOVsydeiy S20Ts
Surqureds-£
+7-9anda 2211 UOISIIP
ON OoN [ 1o1], 2anoadsonay 2am ur yorduwy Sunpop wo JITJsud  uonesyssepd Areurg IV pazrundo HT070IUBMSTY
Surjquesds-x saorput oneIpenb (seo1put onerpenb
ON SOK p 1] + QT + 1521/ uteI], 111ds 21009 Z paseq-puog  uoneoyssepd Areurg SYIN-STIGNO) VAT 7T0TZoeZUON)
AD PI9F-01 sydesd + SOOVIN d[quuesus
ON OoN ¢ Iy, + paynens 0z/08 suoN  + ueSIOJy + s101duosa(]  uoneoyissepd Areurg T + NDD parerdaru] GZOTURID)
SIN [BUINXD § + s101d110sop pauuiq IANTIAD
ON SOK acIts 1891 [UINXD + OO Sururen urIy AN + 1 TdAed  Areurq + uoissaiSay]  / ZJND) SNSUASUOD + ] VSUIN~610ZseIq
(Kesse ds s101d110sap
N ISRDN [ o1 a[3u1s paseq-INOS ds 21050 AT-A0 PN uonedyIssep Lreurg INOS + 19-Sd TXOD 610V
(Bururen siunidiaguy +
oN oN I 1], pds wopuer ¢z///  UIIM) onEWOINY s101d1osop yyysoomy  (0gD1d) uorssarSay (syd / spdy) qysOomy AYSOoIMY 120200
VD < $21008
ON OoN 4589 AD PIOJ-S 111ds 210309 S[UeT [EOTWAYPOIAY  UOTEdYISSe]> ATeurg (21025 YD U0) .1 770gwen|3uosg
siutidiauy
ON OoN 4588 AD [BUI2IXD P[OJ-G AD U opdnnur + (¢ +JIng[oA  uomedyisse Areurg VIAN + 29 01SIYDS 770 7s0ITeg
ON ON 4= AD [BUI2IX2 P[OJ-G ouoN  s10100A uonisodwod ()  uonesyssepd Areurg Id + INOS SO 7z0zso1reg
(qe[-19m) 1891 (01 01 paunid) So[quUIAsUd
oN [enteq g1, %07 *+ AD PIOJ-01 udsatopg  s101dsp IR 807 wonedyIssep Areuig + NNV / INAS / I8 DIN["zz0z8ueg
0T/~ TN [euI1xd (19-%%19) (porduuesar
ON Sk B Ia1] +11ds 01/01/08 (&I Paxy) auoN siunrdia8uy ueSiopy [Pqe[-nnu ssep-9 / paaySom) JTN NVDAd HZ0Z[UYED
$135 P[OgESS + 35 (OssvyT) dAI-4L+ 0SSV
[enaeg sk B Ia1 ] %07 + AD PIOJ-01 [Ppow Suun@  J¢H < SIOWIOJUOd (J¢  UONEdYISSED Areurq /NNY / ITA / NND BRYISSe]D)-ON $20222T
no-pjoy SanIsuUa1U]
ON ON I 1o1], uonorpaid urery, Iedpun) sfead sorwojoqelnpy uorssa13ay (3s9q) Y TIN-SuSSeg wayD) (MINGZOTUBID)
VD + s101duosap
ON SA ¥ PLL apds ¢/61 wopury ads 210504 aec/dc 4JO0N uorssa13y YTN/YdDd / STd Szogmordyey
353 9-dd0d
oN sax. B Ia1] [BUINXD + AD) PIOJ-S 111ds 210509 +s101duosop (7 uonesyissepd Areurg I/ IWAS / N 81073ueg
uonepIep Suruny, uoneyuasardoy
1npdg progesg [eUIIXy  JIL], UOHEPI[EA ASsyeng uonepiey  WONOA[AG AIMILI] Te[nO3[O adAy ysey, adAy, [ppoy urepy 1 Apms

Kharat S, et al.

"SOTISLI2IOBIRY ) UOLEPI[EA 29 [PPOIA

ToI9vL

Inatural resources for human health

Natural Resources for Human Health 2026, 6, 659-675 | 666


https://doi.org/10.53365/nrfhh/224641

Kharat S, et al.

of 100-1,000 compounds, and 6 studies used large data-
sets with more than 1,000 compounds. Experimental activ-
ity labels were derived from curated public repositories (e.g.
BindingDB, ChEMBL, NCI-60), literature-derived potency
data, and in-house assays, cither singly or in combination
(Table 1). Prospective experimental validation of model pre-
dictions was reported in a minority of studies, most com-
monly as targeted follow-up testing of a small number of
predicted hits.

3.3. Model and validation characteristics

Across the 16 studies, 52 predictive models or model-
ling pipelines were extracted for detailed analysis (Table 2,
Supplementary Table S1). These models differed in algorith-
mic family, task type, molecular representation, feature selec-
tion strategies, and validation design (Table 2).

3.3.1. Model types and task formulations

Classical machine learning approaches were the most fre-
quently reported model family, with 11 studies using meth-
ods such as random forest, support vector machines, naive
Bayes, linear and logistic regression, partial least squares,
principal component regression, and decision trees (Table 2).
Deep learning and graph-based architectures, including con-
volutional neural networks, multilayer perceptrons, recur-
rent neural networks, graph convolutional networks, and
GraphSAGE, were described in 5 studies, typically in the
context of higher-dimensional or network-based data. Most
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models were framed as binary classification tasks (e.g. active
vs inactive), although several studies implemented regression
models for potency prediction and one study addressed a
multi-label, multi-class anticancer response setting (Table 2).

3.3.2. Molecular representations

Molecular representations included traditional 2D and
3D descriptors, a variety of fingerprint schemes, graph-based
embeddings, metabolomics-derived features, and docking-
derived interaction fingerprints (Table 2). Descriptor-based
QSAR approaches using software-derived 2D/3D descrip-
tors and standard fingerprints (e.g. ECFP/Morgan, MACCS,
VolSurf, PaDEL descriptors) were common, particularly
in small to medium-sized datasets. Graph-based and deep
learning models employed learned graph embeddings, node-
2vec features, and 3D conformer-based encodings, while
some studies used composition vectors for essential oils
or NMR-derived features for complex mixtures (Table 2,
Supplementary Table S1).

3.3.3. Validation practices and tiers

Validation designs showed substantial heterogeneity across
studies (Table 2, Figure 3 which summarises the distribution
of validation tiers across included models). When catego-
rized using the predefined validation tier framework, 8 stud-
ies were classified as Tier 1-2 (internal random split and/or
cross-validation only), 2 studies as Tier 3 (combined internal
split plus cross-validation), and 6 studies as Tier 4-5 (inde-
pendent external dataset and/or prospective experimental val-
idation). Scaffold-based splitting was rarely implemented one

44%
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Distribution of validation tiers (n=16)
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Figure 3. Validation Tier Distribution. Distribution of included studies across validation tiers (Tier 1-5) based on the most rigorous

validation strategy reported for each study, highlighting the predominance of internal-only validation and the limited use of

independent external or prospective evaluation.
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Figure 4. Dataset Size vs Median AUC. Relationship between dataset size categories (<100, 100-1,000, >1,000 compounds) and

median best AUC, showing higher reported AUC values in smaller datasets and more moderate AUC values in larger datasets.

study reported partial use of scaffold-based sets, while most
relied on random or stratified splits without explicit scaffold
constraints (Table 2). External validation using independent
compound sets, benchmark collections, or prospective assays
was reported in fewer than half of the studies, and truly pro-
spective wet-lab confirmation of predictions was limited to a
small subset of investigations.

3.4. Risk-of-bias assessment

The Al-specific risk-of-bias assessment summarized the
methodological characteristics of the 16 studies across nine
domains (Table 3, Figure 5, which presents a heatmap of risk-
of-bias judgments across domains and studies).

3.4.1. Dataset adequacy and class imbalance

Most studies (13/16, 81.3%) were judged to have ade-
quate dataset size (more than 100 compounds) for their
modelling aims, with only 2 studies (12.5%) categorized as
high risk due to very small sample sizes (Table 3). Severe class
imbalance was less common, with 9 studies (56.3%) rated
low risk, 3 (18.8%) high risk, and 4 (25.0%) unclear, often
reflecting limited reporting of class distributions (Table 3,
Supplementary Table $4).

3.4.2. Data leakage and feature selection

Potential data leakage was identified as a frequent concern,
with 5 studies (31.3%) classified as high risk for data leak-
age and a further 4 (25.0%) rated unclear (Table 3). Feature
selection conducted before dataset splitting was the single
most common methodological issue, recorded as high risk in
9 studies (56.3%) and low risk in only 4 (25.0%), while the

Table 3

Al-specific risk-of-bias summary (n=16).

Domain Low Risk High Risk Unclear

n (%) n (%) n (%)

Dataset Size Adequate (>100?) 13 (81.3) 2(12.5) 1(6.3)
Severe Class Imbalance 9 (56.3) 3(18.8) 4(25.0)
Data Leakage Risk 7 (43.8) 5(31.3) 4(25.0)
Feature Selection Before Split 4(25.0) 9 (56.3) 3(18.8)
Hyperparameter Tuning Leakage 5(31.3) 6 (37.5) 5(31.3)
External Validation Absent 5(31.3) 9 (56.3) 2 (12.5)
Applicability Domain Missing 6 (37.5) 8 (50.0) 2(12.5)
Code Availability 5(31.3) 7 (43.8) 4(25.0)
Data Availability 10 (62.5) 2 (12.5) 4(25.0)

remaining 3 (18.8%) did not clearly describe the timing of
feature selection (Table 3, Supplementary Table S4).

3.4.3. Hyperparameter tuning and validation rigor
Hyperparameter tuning procedures were sometimes
applied on full datasets or on test sets, leading to 6 studies
(37.5%) being rated high risk and 5 (31.3%) unclear for
hyperparameter tuning leakage (Table 3). External validation
was absent in 9 studies (56.3%), which were therefore rated
high risk in this domain only 5 studies (31.3%) were judged
low risk for external validation, with 2 (12.5%) unclear

(Table 3).

3.4.4. Applicability domain, code, and data availability
Applicability domain assessment was missing in 8 stud-

ies (50.0%), with 6 (37.5%) rated low risk (i.e. explicit AD

analysis provided) and 2 (12.5%) unclear (Table 3). Code
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Figure 5. Risk-of-Bias Heatmap (Matrix). Heatmap summarising domain-level Al-specific risk-of-bias judgements (low, high,

unclear) across the nine domains for all included studies, illustrating recurrent concerns such as feature selection before splitting,

absence of external validation, and missing applicability-domain assessment.

availability was limited, with 7 studies (43.8%) categorized
as high risk for this domain and only 5 (31.3%) explicitly
providing or referencing code repositories data availability
was comparatively better, with 10 studies (62.5%) rated low
risk due to use of public datasets or shared data files (Table 3,
Supplementary Table $4).

3.5. Performance patterns

Performance outcomes were synthesized using held-out
test, independent external, or prospective validation metrics,
as available, and summarized in Table 4 and Supplementary
Table SI1. To minimize inflation, training-only metrics and

natural resources for human health

cross-validation results without an independent test context
were not prioritized in the main synthesis.

3.5.1. Performance by validation tier

Across validation tiers, median best AUC values appeared
higher in models with some form of external or prospective
evaluation (Tier 4-5, 0.98-0.999) than in models using only
internal validation (Tier 1-2, 0.89; Tier 3, 0.92), although
these estimates are based on small numbers of studies within
each tier (Table 4). Within the combined Tier 4-5 group,
only a minority of models had any prospective experimen-
tal testing, and these usually involved small numbers of
follow-up assays; therefore, Tier 4-5 should be interpreted as
indicating at least one form of external validation, rather than
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Table 4

Performance stratified analysis.

Category N  Median best Median best % with
studies AUC MCC/F1 score  external

validation

By Validation Tier

Tier 1-2 8 0.89 0.78-0.85 86%

Tier 3 2 0.92 0.77-0.81 50%

Tier 4-5 6 0.98-0.999 0.92-0.97 14%

By Dataset Size

< 100 compounds 4 0.97 0.89-0.94 25%

100 - 1,000 compounds 6 0.94 0.82-0.88 33%

> 1,000 compounds 6 0.89 0.77-0.84 67%

By Model Type

Classical ML 11 0.94 0.82-0.90 36%

Deep Learning / GNN 5 0.96 0.85-0.95 40%

as a homogeneous group of fully prospective studies. Median
MCC/F1 score values followed a similar pattern, with Tier
1-2 studies ranging from 0.78 to 0.85, Tier 3 from 0.77 to
0.81, and Tier 4-5 from 0.92 to 0.97. The proportion of
models with any external validation was 86% in Tier 1-2,
50% in Tier 3, and 14% in Tier 4-5. This pattern reflects
differences in how validation was defined and applied, and
in many cases, reliance on narrow or closely related external
datasets rather than consistently rigorous external bench-

marking (Table 4).

3.5.2. Performance by dataset size

When stratified by dataset size, studies with fewer than 100
compounds reported a median best AUC of 0.97 and median
best MCC/F1 score of 0.89-0.94, whereas medium-sized
datasets (100-1,000 compounds) showed somewhat lower
median best AUC (0.94) and MCC/F1 score (0.82—0.88),
and large datasets (>1,000 compounds) showed the lowest
median best AUC (0.89) and MCC/F1 score (0.77-0.84)
(Table 4). External validation was reported for 25% of small,
33% of medium, and 67% of large datasets, suggesting that
more modest performance estimates are generally associated
with larger samples and more rigorous validation.

3.5.3. Performance by model type

Classical ML models (n = 11 studies) achieved a median
best AUC of 0.94, with median best MCC/F1 score in the
range of 0.82—0.90 (Table 4). Deep learning and graph-based
models (n = 5 studies) reported a slightly higher median best
AUC of 0.96, with median best MCC/F1 score between 0.85
and 0.95 (Table 4). The proportion of models evaluated with
external validation was similar between classical ML and deep
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learning/ GNN studies (36% and 40%, respectively), suggest-
ing that differences in reported performance were not solely

attributable to the use of more complex model architectures
(Table 4, Supplementary Table S1).

3.6. Summary of key findings

Across the 16 included studies, AI/ML approaches were
increasingly applied to experimentally derived bioactivity pre-
diction in natural products, with a clear rise in publications
after 2022 and a predominance of classical machine learning
methods, particularly in small to medium-sized QSAR-style
datasets (Table 1, Figure 2). Model development relied on a
diverse range of molecular representations, from traditional
descriptors and fingerprints to graph-based embeddings and
metabolomics-derived features, but validation practices and
reporting standards were highly variable (Table 2, Figure 3).
The Al-specific risk-of-bias assessment highlighted recurrent
methodological issues, most notably feature selection per-
formed before dataset splitting, absence of external validation,
and limited applicability domain analysis (Table 3, Figure 5,
Supplementary Table $4).

Stratified summaries of predictive performance showed
that higher median AUC and classification metrics were
typically reported in studies with weaker validation designs
and smaller datasets, whereas larger datasets and more rigor-
ous validation were associated with more moderate but likely
more realistic performance estimates (Table 4, Figures 3—4
which depicts performance by validation tier; Figure 4, which
shows performance stratified by dataset size, Analyses 2-3).
Taken together, these results indicate a rapidly expanding
but methodologically heterogeneous evidence base, provid-
ing the context for a more detailed examination of method-
ological quality, performance interpretation, and implications
for Al-assisted natural product discovery in the subsequent
Discussion section.

4. DISCUSSION
4.1. Principal findings

This systematic review shows that applications of Al and
ML to experimentally derived bioactivity prediction in natu-
ral products have grown steadily, with most of the 16 included
studies published from 2018 onwards and a visible increase
after 2022 [9,15-23]. Classical machine learning methods
such as random forest, support vector machines, naive Bayes,
linear and logistic regression remain the most frequently
used approaches, particularly in smaller QSAR-style datasets
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[16-19,24-27]. In contrast, deep learning and graph-based
models are mainly adopted in larger or more complex data
structures, including multi-label cell-line response [9] and
phytochemical-protein interaction networks [23], or in
high-dimensional 3D conformer representations [15].
Molecular representations span traditional 2D/3D descrip-
tors and fingerprints [19,21,24,25,27], Vol-Surf and multiple
fingerprints [28], metabolomics signals [22], graph embed-
dings [8,23], and docking-derived interaction fingerprints
[20]. Descriptor-based QSAR remains particularly dom-
inant in smaller datasets, while graph and deep models are
selectively deployed for larger or more structured problems

[9,15,23].

4.2. Methodological quality and risk of bias

The Al-specific risk-of-bias framework applied in this
review revealed that, although most studies used datasets of
at least moderate size and did not exhibit extreme class imbal-
ance, several recurrent sources of bias were evident. Feature
selection before data splitting [11], a known cause of opti-
mistic bias in predictive modelling, occurred in a majority of
studies [16,18,21,24], and hyperparameter tuning leakage was
frequently suspected where tuning procedures were described
on “test” datasets [9,15,29]. These practices contrast with
best-practice recommendations in the broader ML literature,
which emphasise nested cross-validation, strict separation of
training, validation, and test sets, and avoidance of any model
selection on held-out test data. Although our Al-specific,
domain-based risk-of-bias tool is not identical to established
instruments such as PROBAST/PROBAST+AI or reporting
guidance like TRIPOD+AL it is conceptually aligned with
these frameworks in its focus on data quality, analysis choices,
and applicability. In particular, domains addressing data leak-
age, hyperparameter tuning leakage, external validation, and
applicability-domain analysis parallel key signalling questions
and reporting items in PROBAST+AI and TRIPOD+AI, but
are adapted here to the structure of cheminformatics and nat-
ural product bioactivity modelling studies rather than patient-
level clinical prediction models [30,31].

External validation was absent in over half of the included
studies, with many relying solely on random train—test
splits or k-fold cross-validation within a single dataset
[16,18,22,23,27]. Where external evaluation was conducted,
it often involved retrospective application to related data-
sets or compound libraries [9,15,19,25,26], and truly pro-
spective wet-lab validation was reported only in a minority
of cases [16,19,24,26]. Formal applicability domain analysis
an important safeguard for QSAR and ML models was pro-
vided in a subset of QSAR-focused studies [17,21,28], but
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was largely absent in deep learning and graph-based work
[9,15,23]. These analyses typically relied on classical QSAR-
style applicability domains, for example using similarity or
distance-based criteria in descriptor or fingerprint space, or
leverage-based diagnostics to flag compounds that lie outside
the multivariate space spanned by the training set, where pre-
diction error is expected to increase.

Reproducibility was also uneven. While many studies
leveraged public bioactivity repositories (e.g. ChEMBL,
BindingDB, NCI-60) and thus indirectly enable data reuse
[8,9,16,19,20,24-27], only a minority shared code or fully
documented modelling pipelines [9,23]. This aligns with
wider concerns in Al for drug discovery about incomplete
methodological reporting and limited availability of source
code and scripts.

4.3. Interpretation of performance patterns

Our stratified summaries indicate that headline perfor-
mance metrics need to be read in the context of dataset size
and how validation was done. The highest median AUC values
tended to come from small datasets (<100 compounds), for
example in some QSAR or extract-level models [18,21,27],
whereas larger datasets (21,000 compounds), such as the
NCI-60-based PECAN [9] models or large mixed librar-
ies [24,26] usually produced more moderate but probably
more realistic performance. This inverse relationship between
dataset size and median reported performance, together with
the lower use of external validation in small datasets, points
towards a substantial risk of overfitting and performance
inflation in highly curated, limited-size settings. For instance,
QSAR-style models built on fewer than 100 compounds often
reported best AUC values around 0.97-0.99 in the absence of
rigorous external validation, whereas models trained on larger
datasets with independent test sets more often showed AUCs
in the 0.89-0.94 range, which is more compatible with realis-
tic out-of-sample performance.

Differences between validation tiers tell a similar story.
Models in Tier 1-2 often showed strong internal performance
but were not tested on truly independent external datasets
[16,18,22,23,27], whereas Tier 4—5 models did use external
or prospective evaluation [9,15,19,24-26] yet sometimes
still reported AUC values very close to 1.0. In those cases,
extremely high AUC may reflect narrow chemical or end-
point diversity, particular ways of handling class imbalance,
or residual data leakage, rather than genuinely superior gen-
eral performance. This underlines the need to look carefully at
validation design, label structures, and preprocessing choices.
It is also important to note that the combined Tier 4-5 cat-
egory mainly reflects retrospective external validation, with
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only a small subset of models undergoing limited prospective
testing, so Tier 5 should be viewed as indicating the presence
of prospective assays rather than a large, standalone prospec-
tive evidence base.

When different model families were compared, deep learn-
ing and graph-based approaches [8,9,15,23] showed slightly
higher median AUC than classical machine learning, but the
share of models with rigorous external validation was similar
in both groups [32]. This pattern suggests that careful data
curation and robust validation design may matter at least as
much as, and sometimes more than, increasing architectural
complexity a view that is consistent with broader benchmark-
ing work in cheminformatics, where simpler models with
well-designed validation often perform on par with, or even
better than, more complex models in realistic applications.

4.4. Implications for Al-assisted natural product discovery

Collectively, the included studies demonstrate that AIML
methods can successfully prioritize bioactive natural prod-
ucts and guide hypothesis generation across diverse targets,
including CYP3A4 inhibition [24], COX-2 inhibition [25],
antiproliferative activity [9], anti-Alzheimer’s enzymes [27],
antiprotozoal and anti-schistosomal effects [17,28], anti-
hyperglycemic enzymes [18], and anti-neuroinflammatory
endpoints [15]. Several studies linked computational predic-
tions to follow-up experimental testing, supporting the role
of ML models as enrichment tools rather than stand-alone
decision-makers in natural product discovery workflows
[16,19,24-20].

At the same time, this review underscores that many pub-
lished models may not yet be ready for uncritical deploy-
ment on new chemical space or different assay conditions.
DPersistent issues around leakage, lack of external validation,
incomplete applicability domain assessment, and limited code
transparency can undermine trust in reported performance
and hinder reproducibility. To realise the full potential of Al
in natural product research, future studies should adopt more
stringent validation protocols such as scaffold-based splits,
time-based splits, and independent external test sets along-
side explicit applicability domain analyses and comprehensive
reporting of preprocessing, feature selection, and hyperpa-
rameter optimisation [33].

The development of domain-specific reporting stan-
dards for Al in drug discovery analogous to PRISMA 2020
for systematic reviews and CONSORT-type extensions [34]
for prediction models could also help standardize minimum
reporting requirements and facilitate cross-study comparisons.
Integration of FAIR (Findable, Accessible, Interoperable,
Reusable) data principles [35], open code repositories, and
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pre-registered analysis plans would further strengthen meth-
odological transparency and reproducibility in this rapidly
evolving field [36,37].

4.5. Strengths and limitations

This review has several strengths that, together, provide
a structured view of how Al and ML are currently applied
to natural product bioactivity prediction. We drew on three
major bibliographic databases, complemented by citation
tracking, and applied predefined eligibility criteria with dual
independent screening and extraction, which reduces selection
and extraction bias. The study- and model-level framework
allowed us to examine not only which algorithms were used
but also how datasets, molecular representations, and valida-
tion schemes were configured in practice. A further strength is
the development of an Al-specific, domain-based risk-of-bias
tool that captures issues such as data leakage, hyperparameter
tuning leakage, and applicability domain assessment that are
not addressed by traditional clinical tools.

Important limitations should also be acknowledged. We
conducted a descriptive synthesis without meta-analysis
because of extensive heterogeneity in targets, endpoints, and
metrics, so pooled performance estimates are not provided.
Restriction to English-language, peer-reviewed articles may
have introduced language and publication bias and excludes
potentially informative negative or inconclusive studies
[38]. The risk-of-bias framework, although tailored to com-
mon ML pitfalls, has not yet been externally validated and
relies on reporting quality, which was sometimes incomplete.
Finally, the rapid pace of Al development means that addi-
tional methods and studies are likely to have emerged after
the final search date. In addition, in order to enable a stan-
dardised comparison across heterogeneous studies, we focused
our stratified analyses on the best-performing model from
each article and on the highest prioritised performance met-
rics per model. While this simplifies cross-study comparison,
it may overemphasise optimally tuned or selectively reported
models and therefore contribute to an optimistic impression
of achievable performance, relative to the full range of models
and experiments described in the primary studies.

4.6. Future research directions

The patterns observed in this review suggest several priori-
ties for strengthening AI/ML applications in natural product
bioactivity prediction. First, there is a clear need for commu-
nity-agreed reporting guidance tailored to cheminformat-
ics and natural product modelling, analogous to existing Al
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extensions of CONSORT and SPIRIT [39], to standardise
description of datasets, preprocessing, validation design, and
performance metrics. Such guidance should explicitly address
data leakage, feature selection timing, and applicability
domain analysis, which were frequent sources of concern in
the included studies. Second, future work should emphasise
rigorous validation strategies. These include scaffold-based
and temporal splitting, independent external test sets, and,
where feasible, prospective experimental confirmation of
model predictions. Benchmarking efforts on shared, openly
available natural product datasets would help disentangle
the contributions of model choice versus data and valida-
tion design. Third, wider adoption of FAIR principles, with
deposition of curated datasets, feature-generation pipelines,
and trained models in public repositories, would substantially
enhance transparency and reusability [40]. Finally, closer inte-
gration of ML pipelines with iterative experimental workflows
such as active learning-guided screening of natural product
libraries offers a pragmatic route to demonstrating real-world
impact while continuously stress-testing models on genuinely
novel chemistry.

5. CONCLUSION

This systematic review shows that Al and ML are now
being applied across a diverse range of natural product data-
sets and bioactivity endpoints, but that current practice
remains methodologically heterogeneous and often falls short
of best-practice standards for predictive modelling. In par-
ticular, frequent use of small, highly curated datasets, feature
selection before data splitting, limited applicability-domain
analysis, and the absence of independent external validation
contribute to optimistic performance estimates and compli-
cate meaningful cross-study comparison.

Going forward, progress in this field will depend less on
ever more complex architectures and more on careful atten-
tion to data curation, transparent reporting, and rigorous
validation protocols, including scaffold-based or tempo-
ral splits, external test sets, and, where feasible, prospective
experimental confirmation. Adoption of shared reporting
standards, FAIR data and code practices, and benchmark
datasets for natural product bioactivity prediction would
provide a common foundation on which genuinely gener-
alizable and trustworthy models can be built. By aligning
methodological innovation with these principles, Al- and
ML-driven approaches can move beyond proof-of-concept
studies to become reliable partners in prioritizing natural
products, de-risking early discovery, and ultimately expand-
ing the space of bioactive chemotypes available for therapeu-
tic development.
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