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Abstract

Machine learning (ML) is widely used to quantify, annotate and prioritize plant specialized
metabolites, but reported performance is rarely comparable across studies because validation
designs differ. We critically reviewed ML applications published between 2021 and 2026, using
five ethnomedicinal species with contrasting chemistry as case studies: Curcuma longa, Withania
somnifera, Zingiber officinale, Piper nigrum and Mentha x piperita. Each study was coded by
task, data type, algorithm, validation design and reported metric, and graded on a five-tier
validation scale. Species-level evidence was concentrated in spectroscopic quantification,
authentication and extraction optimization, almost always with internal validation only; no ML-
based biosynthetic-gene or pathway prediction was found for any of the five species. The most
transferable methods, namely multi-omics gene predictors, pathway classifiers and mass-
spectrometry class annotators, were developed on model or reference taxa. Their scores declined
under stricter evaluation: gene-prediction AUC-ROC fell from 0.924 within species to 0.584 in an
external taxon. We propose minimum validation and reporting practices and research priorities for
transferring these methods to medicinal species.
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INTRODUCTION
(SVR), decision-tree, random-forest and
XGBoost models for piperine content

(Rahaman et al. 2025), a convolutional neural
network (CNN) combined with cyclic
voltammetry for piperine prediction (Banerjee
et al. 2024, preprint), hybrid deep learning on
hyperspectral images to detect papaya-seed
adulteration (Balakrishnan et al. 2026), and
SVR for optimizing tannin extraction (Khajeh
et al. 2025). Because piperine enhances the
bioavailability of co-administered drugs, black
pepper is also relevant to ML tools for
assessing herb—drug interactions (Ding et al.
2026; Spanakis et al. 2025).

Mentha x piperita L. (peppermint). Peppermint
oil consists mainly of menthol and menthone,
while peppermint leaves contain flavonoid
glycosides like eriocitrin (Hudz et al. 2023;
Khameneh et al. 2025). ML classifiers applied
to metabolic fingerprints have been used to
authenticate Mentha oils (Ratnasekhar et al.
2025). The most relevant content-prediction
model in the genus was developed for M.
spicata (Van Haute et al. 2023) and has not
been tested on peppermint. Elicitor-induced
changes in menthol-pathway gene expression
have been characterized (Khaldari et al. 2025)
but not yet modelled with ML.

Data resources

Model performance is bounded by the training
data. Table 1 compares the main resources by
contribution: general chemistry and bioactivity
databases, natural-product structure—organism
databases, a regional medicinal-plant collection
and tandem  mass-spectrometry libraries.
Genomic platforms now link metabolite records
to functional annotation in medicinal plants
(MedMeta; Meng et al. 2025) and detect
physically  clustered  biosynthetic  genes
(plantiSMASH; Kautsar et al. 2017). Common
limitations include inconsistent identifiers,
sparse quantitative data, missing tissue and
growth metadata, and taxonomic bias (Rutz et
al. 2022; Street 2025). Public data deposition

remains inconsistent (Gouveia et al. 2024);
reporting to Metabolomics Standards Initiative
(MSI) requirements (Sumner et al. 2007) and
benchmarking guidelines for annotation tools
(de Jonge et al. 2022) help address this.

Table 1 Data resources for ML-based plant
specialized-metabolite research

Resou Content Scope Main Referen
rce (release limitati ce
cited) on
PubCh General >119 Mostly Kim et
em chemical million syntheti al. 2025
structure compou c;
S and nds organis
bioassay m of
S origin
often
absent

ChEM Curated Million Little Zdrazil
BL bioactivi s of pathway et al.

ty of measure or 2024
drug-like ments  source-
molecule organis
s m
metadat
a
COCO Open 695,133 Quantit Chandra

NUT  natural- structur ative sekhar
2.0 product es activity et al.
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Resou Content Scope Main Referen
rce (release limitati ce
cited) on
KNAp Species- Tens of Biased Shinbo
SAcK metaboli thousan toward et  al.
te ds  of well- 2006
relations pairs studied
hips taxa
NPAS Natural- Regular Incompl Zhao et
S product ly ete for al. 2023
activity updated non-
with model
species species
source
IMPP  Indian 4,010 No Vivek-
AT 2.0 medicina plants; quantita Ananth
| plants 17,967 tive or et al
and compou chemot 2023
phytoche nds ype data
micals
GNPS Public  Commu Low Wang et
MS/MS  nity coverag al. 2016
data and reposito e of
spectral ry plant
libraries chemist
ry
ML approaches and their reported
performance

Table 2 summarizes the algorithm families used
in this field, and Fig. 2 places them in a pipeline
with evaluation and experimental confirmation.
Table 3 reports quantitative results with their
validation designs, and Fig. 3 shows the highest
level of wvalidation accomplished for each
species and task.

Table 2 Algorithm families used for plant
specialized-metabolite prediction

Family  Typical Strength Limitations
task S

Family Typical  Strength Limitations
task S
PLS Content  Robust  Linear;
regression prediction with sensitive to
/ PLS-DA from collinear preprocessin
NIR, spectra g and
Raman and small instrument
and samples; drift
hyperspec interpreta
tral data  ble
Random  Gene and Handle  Overfit
forest, compoun many redundant
gradient d correlate data  under
boosting  classificat d random
ion; features; splits
QSAR; feature
spectral ~ importan
regression ce
Support  Nonlinear Effective Sensitive to
vector tasks on with hyperparam
machine / small moderate eters;
regression datasets sample  opaque
size
Convoluti Images, Automati Data- and
onal spectra, ¢ feature compute-
neural sensor extractio intensive
network  signals n
Graph Pathway Encodes High data
neural and atom- demand,;
network / property and split-
transform prediction bond- sensitive
er from level
molecular structure
graphs
Spectrum- Class Work Depend on
to-class annotatio without  fragmentatio
deep n of reference n coverage
models unknowns spectra
from
MS/MS
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Family  Typical Strength Limitations

task S
Transfer  Extending Reduce Degrade
and multi- gene labelled- with
species predictors data phylogenetic

learning to data- requirem distance

poor ents
Specles
Genomics.
ranscriplomics
\
1 Data curation - - )
LC-MSIMS, GCMS, ; i 1 Split design 3 Model training 4 Evaluation
AmOmZE WEAlmngrs
NMR metabolomics e define mdependent it aod tong models iermal — independent

test data (Table ) - extemd] teting

recond mitadta

|

NIR / Raman

hyperspoctral spectra

Structure and activity
duabass

targeted LC-MS | HPLC, enzyme assays, bivassays;
oaly confirmad hits e reportad s validated

+ 5 Experimental confirmation

Fig. 2 Pipeline for ML-based specialized-
metabolite prediction. Confirmed experimental
results feed back into data curation as new
training labels

Chemometric and classical models

PLS regression remains the standard for
spectroscopic quantification and the benchmark
against which other models (SVR, random
forests, gradient boosting and small multilayer
perceptrons) are typically compared (Samrat et
al. 2022; Van Haute et al. 2023; Rahaman et al.
2025). Random forests (Breiman 2001) and
support vector machines (Cortes and Vapnik
1995) suit small tabular datasets. On multi-
omics gene features, tree-based ensembles
outperformed neural networks, and a model
with five interpretable features performed as
well as the full 234-feature model (Bai et al.
2024). With only tens of samples, the size and
independence of the test set matter more than
the choice of algorithm (e.g. Khajeh et al.
2025).

Deep learning and graph-based models
Convolutional neural networks (CNNSs) extract
features from images and spectra, transformers
learn long-range dependencies, and graph
neural networks (GNNs) work directly with
molecular graphs (Choi and Lee 2023; Zhang et
al. 2025). A graph transformer combined with a
SMILES-based CNN  classified  plant
compounds into 18 pathway classes,
outperforming random-forest and graph-
convolution baselines (Bao et al. 2023), and
image-based CNNs have predicted metabolite-
content classes of neem fruit (Krishnan et al.
2024). These models require more labelled data
than are available for most medicinal species
(Alzubaidi et al. 2023).

Mass-spectrometry-based annotation

ML has had its most practical impact on plant
chemistry through the annotation of untargeted
LC-MS/MS data. MS2DeepScore enhances
analogue search (Huber et al. 2021),
CANOPUS assigns compound classes to
spectra of compounds not found in the libraries
(Dihrkop et al. 2021), and NPClassifier assigns
structures to pathways, superclasses and classes
(Kim et al. 2021). These tools are taxon-
agnostic, but none has been specifically
evaluated on the five species.

Biosynthetic-gene prediction and transfer
learning

For Arabidopsis thaliana, models based on
duplication, conservation, expression and
network features captured 87% of the known
specialized-metabolism genes (Moore et al.
2019). The critical step is transfer to data-poor
species: using an Arabidopsis model to filter
mis-annotated tomato genes substantially
improved tomato predictions (Moore et al.
2020), and models trained on three species
performed as well as or better than within-
species models, whereas a model trained on
tomato alone performed markedly worse on
Arabidopsis (Bai et al. 2024). Few-shot and
transfer methods are therefore promising for
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medicinal plants (Street 2025), provided they
are validated on phylogenetically distant
targets.

Cross-study comparison

Two patterns emerge. First, species-level
evidence is concentrated in spectroscopic
quantification, authentication and extraction
optimization, almost exclusively at tier 2 (Fig.
3). No species-level study reaches tier 4; the
only tier-3 study is the turmeric work evaluated
on an independent prediction set with benchtop
and portable instruments (Khongkaew et al.
2022). No ML method has been applied to the
biosynthesis of curcuminoids, withanolides,
gingerols or piperine in these species.

Process MShased Hiosynthetic Docking
Spoctroscopic  Awthentication exreion amotgion & gone/ palway Binariivity {
quatificatin adubesation optimiziion clssification prediction foncity QSAR ~ phammacalogy

Cureama lorga . Ve Dbamiauei 2022

Withania somnifera Roaa 205 Roaea 2025
Lingiber officinale * Seasat 20 Koirala 2025
Pipernigrim | Rabaman 405 | Balariheen 026 | | Kl 205
Memiha % piperify | Van B N03¢  Ratmsekhr 05 Khaldari 205
Model / referemce tava ..
Highest validation tice among studies cited

0 nane mreicwed coes 1 non-ML ocenpesation | prfiling only 1 ML, imemal validecioe ooly

. 3 ML, indspendent prediceion set . 4 ML, etemal or cross-speckes test

Fig. 3 Highest validation tier reached by ML
studies of the five case-study species and of
model or reference taxa, by task. Tier 0
indicates that no study was located in the
reviewed corpus. *Study on Mentha spicata,
the closest congener.

Second, reported performance depends strongly
on evaluation design (Table 3). The same gene-
prediction method yielded an AUC-ROC of
0.924 within Arabidopsis, 0.785 when trained

on tomato alone and 0.584 in the external
species Papaver somniferum (Bai et al. 2024).
In  multi-label pathway classification, an
accuracy of 97.8% corresponded to an F1 of
only 0.837 because accuracy was dominated by
correctly predicted negative labels (Bao et al.
2023), and the mean average precision of
NPClassifier fell from 0.992 at the pathway
level to 0.895 at the class level (Kim et al.
2021). For chemometric models, RPD values
below about 3 (1.9-2.8 in the studies reviewed
here) support screening but not quality control
or pharmacopoeial quantification (Williams
2014), and the robustness of single-harvest
calibrations across seasons and suppliers is
unknown. Headline accuracies above 95%
therefore say little about performance on an
under-studied species.

Table 3  Reported performance  of
representative ML studies and their validation
design

Stud Taxo Task Data Mod Vali Repo

y n (n) el dati rted
on  perfo
desi rman
gn ce

Moo Arabi Speci Multi ML Held TPR
re et dopsi alize -omic class -out 87%,
al. s d vs gene ifier gene TNR
2019 thalia gener featur s S 71%
na al es

meta

bolis

m
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Stud Taxo Task Data Mod Vali Repo Stud Taxo Task Data Mod Vali Repo
y n (n) el dati rted y n (n) el dati rted
on  perfo on  perfo
desi rman desi rman
gn ce gn ce
Moo Solan Speci Toma Tran Held F Dihr Natur Com 2,497 Dee Cros Mean
re et um alize to sfer -out 0.74 kop al poun class p S- accur
al. lycop d- genes learn test — et al. produ d es neur valid acy
2020 ersic meta ; ing set 0.92 2021 cts  class al ation 99.7
um  bolis Arabi after and from netw %
m dopsi Cross- meta MS/ ork
genes s speci bolite MS
sourc es S
e filteri Kris Azadi Meta 1,045 CN Vali F1
mode ng hnan racht bolite samp Ns datio 0.93
| et al. a - les n (valid
Bai Arabi Bios 594 Auto 80/2 AUC 2024 indic conte and ation)
et al. dopsi ynthe gold- Gluo 0 0.924 a nt test , 0.88
2024 s, tic stand n split; withi class sets  (test)
tomat genes ard  ense cross n; from
0, genes mble - 0.785 imag
maiz ; 234 speci tomat es
€, featur e, 0= Kho Curc Curc Turm PLS Predi RMS
popp €s exter traine ngka uma umin eric (NI ction EP
y nal d; ew longa oid powd R, set; 0.41
exter taxo 0.584 et al. conte ers Ram two %
nal n popp 2022 nt an) instr (NIR)
y ume
Bao Plant Path 2,028 Grap 5- Test nt 0.44
et al. comp way comp h fold accur types %
2023 ound class ound trans CV; acy (Ram
S (18 s; test form inde 97.8 an)
(KE label 577 er + pend %, F1 w/w
GG) ) CN ent  0.837 Samr Zingi 6- 89 PLS 802 R* >
N test at et ber Ging samp R, 0 0.73;
Kim Natur Path 73,60 Dee Test mAP al. offici erol: les LAS rand RPD
et al. al way / 7 p split; 0.992 2022 nale 6- SO om >
2021 produ super struct neur exter / shog split  1.92
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Stud Taxo Task Data Mod Vali Repo

y n (n) el dati rted
on  perfo
desi rman
gn ce

Van Ment Esse NIR PLS Repe R?%»p
Haut ha ntial- hyper + ated 0.863
e et spica oil spect ML predi ;

al ta conte ral P ction RPD

2023 nt imag sets 2.84
es

Khaj Piper Tann 30 SVR Trai RMS
eh et nigru in runs - nites E

al. m extra RS t 0.035
2025 ction M split

yield NSE

0.91

Rone With Root >600 Ran Inter Accu
n et ania locali traini dom nal racy

al.  somn zatio ng fores valid 0.84;
2025 ifera n of point t ation AUC
const s 0.98
ituent
S

QSAR validation (OECD 2007). At a
minimum, studies should report sample origin
and independence, the split procedure, a class-
balanced metric or RMSEP and RPD, results on
an independent or external set with the
validation tier stated, and deposited data and
code. Docking and network-pharmacology
results should be reported separately from ML
results.

Table 4 Common validation pitfalls and
recommended practice

Pitfall Consequen Recommend Basis
ce ed practice

TPR/TNR, true-positive/true-negative rate; F,
F-measure; mAP, mean average precision;
DNP, Dictionary of Natural Products; RMSEP,
root-mean-square error of prediction; RPD,
ratio of performance to deviation; NSE, Nash—
Sutcliffe efficiency; AUC, area under the
receiver operating characteristic curve; CV,
cross-validation; PLSR, partial least squares
regression; LASSO, least absolute shrinkage
and selection operator; MLP, multilayer
perceptron; SVR-RSM,  support  vector
regression with response surface methodology;
R?p, coefficient of determination for the
prediction set.

Validation and reporting practice

Table 4 lists pitfalls common in this literature;
the recommended practices draw on the DOME
recommendations for supervised ML in biology
(Walsh et al. 2021), scaffold-aware splitting
(Wu et al. 2018), and the OECD principles for

Random  Near- Scaffold or Wu et
split of duplicates  cluster split  al.

structurall leak into the 2018
y test set
redundant
compound
S
Accuracy Accuracy  Report per- Wals
on near ceiling class F1, h et
imbalance while F1 is MCC or PR- al.
d or multi- lower AUC 2021
label
outputs
Small Unstable, Independent  Wals
samples  optimistic  set from h et
with one error another al.
random estimates harvest, site 2021
split or instrument;

report

RMSEP and

RPD
Within- Overstated Leave- Moor

species transfer to species-out e et
evaluation medicinal  and external- al

only species taxon tests 2020
Noisy Performanc Curated gold Rutz
training e ceiling standards; et al
labels and state 2022
spurious annotation
errors source
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Pitfall Consequen Recommend Basis
ce ed practice
No Silent Define and OEC

applicabili extrapolatio report the D

ty domain n applicability 2007
domain

No data or Results Deposit data, Wals

code cannot be code and h et

release reproduced models al.

2021

MCC, Matthews correlation coefficient; PR-
AUC, area under the precision—recall curve;
RMSEP, root-mean-square error of prediction;
RPD, ratio of performance to deviation.

Research priorities and conclusions

Overall, the main bottleneck is the scarcity of
species-level data and external evaluation rather
than algorithms (Zhang and Wang 2023;
Murmu et al. 2024). Four priorities follow.
First, paired multi-omics and targeted
quantification datasets with MSI-compliant
metadata are needed for under-studied species,
particularly W. somnifera. Second, existing
gene predictors and spectral annotators should
be applied to the five species and evaluated at
tier 4. Third, spectroscopic models should be
calibrated and validated across sites, seasons
and instruments. Fourth, ML prioritization
should be coupled with targeted LC-MS,
enzyme assays and bioassays, and confirmed
predictions should be fed back into training
(Msobo et al. 2026). At similar accuracy,
inherently interpretable models are preferable
because their outputs can be traced to testable
gene—enzyme—metabolite hypotheses (Rudin
2019).

In conclusion, ML has already proved useful
for quantifying and authenticating the
specialized metabolites of turmeric, ginger,
black pepper and peppermint, and for
annotating  metabolomes  and  ranking
biosynthetic genes in model species. However,
evidence for the five species is largely limited
to internally validated quality control, ML-

based biosynthetic-gene prediction is absent,
and W. somnifera has very few predictive
studies. Because scores decline markedly under
external and class-balanced testing, ML
predictions should be confirmed by analytical
chemistry and bioassays.
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