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Plant products, including botanical dietary supplements, nutraceuticals, and herbal medicines, remain
central to supporting human health and wellness. Their usage has been steadily increasing over the last
few decades, which has also led to raised concerns about proper identification and characterization of
plant materials. This information is crucial to evaluate the safety and efficacy of these botanical products
and prevent misidentification or adulteration. While there are multiple analytical approaches to
characterize botanicals, this review provides insight into how untargeted mass spectrometry
metabolomics can profile these commonly complex mixtures and provide detailed datasets that are
capable of taxonomically classifying samples, detecting adulteration, and providing insight into variation
between plant materials and their nutritional, medicinal, or toxicological effects. We describe data
Received 18th May 2025 analysis approaches for untargeted metabolomics, case studies on the various applications of this

method for characterizing botanicals, and challenges that the growing field of mass spectrometry-based

DOI: 10.1039/d5np00040h metabolomics is facing. The chosen topics reflect the current state of metabolomics analyses for
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With a long therapeutic history, plants and other natural
products remain a central element in promoting human health
and preventing disease. Their relevance and use as dietary
supplements (i.e., “botanical dietary supplements”) have
expanded in the last several decades in the United States since
the passage of the Dietary Supplement Health and Education

, ) ) ) , . Act. The number of Americans using dietary supplements has
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University Park, PA 16802, USA. E-mail: jjk6146@psu.edu increased steadily; over 50% of the population reports using

*Intercollege Graduate Degree Program in Plant Biology, Pennsylvania State dietary Supplements and up to 40% of those were reported to
University, University Park, PA 16802, USA consume botanical supplements.’ Between 2000 and 2022, the
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sale of herbal supplements in the United States has increased
from $4.25 to $12.12 billion.® This drive for botanical dietary
supplements is rooted in attitudes toward ‘natural’ products as
well as a growing body of evidence that is supportive of their
positive effects on human health.®

The impact of botanicals on human health is perhaps not
surprising; plants have diverse biosynthetic capabilities and
produce a range of chemical structures that reaches complex-
ities beyond many synthetic compound libraries.” In addition,
their secondary metabolites are evolutionarily designed to
interact with biological receptors and systems,” which has been
reflected in their foundational role in human health and
pharmaceutical development. Currently, there are ca. 150 active
clinical trials on the US National Library of Medicine's clinical
trial tracker (https://clinicaltrials.gov, accessed October 20,
2024) that incorporate “herbal” or “botanical” as part of their
study focus,® and natural products have higher rates of
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clinical trial success.” Of the 1394 small molecule drugs
approved by the United States Food and Drug Administration
(FDA) between 1981 and 2019, 53.1% were from natural

products  or  designed around  natural  product
pharmacophores.
Botanical dietary supplements are characteristically

complex phytochemical mixtures, and this chemical compo-
sition can vary depending on abiotic and biotic factors during
growth and processing, as well as the biosynthetic variation
between species, genera, and families. Thus, the veracity of
research, and the impact for consumers, is predicated on the
authenticity of the botanical(s) under consideration and
characterizing their chemical constituents; there is consider-
able evidence to suggest that misidentification and adultera-
tion (either intentional or accidental) is rampant in the
botanical dietary supplement arena. Two global assessments
of 5957 commercial herbal products across 37 countries and
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six continents reported that 27% of tested products were
determined to be adulterated in some way.'*> A study by
Navarro et al. (2019) found that, of 272 products tested, 51%
were mislabeled, where the labeled constituents did not
match the mass spectrometry analysis.'* During the Covid-19
pandemic, an analysis of elderberry (Sambucus nigra L. and S.
canadensis L.) products revealed that 58 products out of 532
analyzed were adulterated, mostly with black rice.* Thus, the
mis-identification, adulteration, or other alteration of botan-
ical products is well-documented, and there is substantial risk
for reduced efficacy and safety, increased toxicity and
unforeseen adverse interactions if the identity of the botanical
agent and its chemical composition are unknown or mis-
characterized. Complicating this is the fact that botanical
products can be obtained from multiple sources, potentially
with multiple producers of the raw material and varied pro-
cessing techniques. Therefore, careful identification and
characterization of botanicals are crucial to ensuring that the
products on the shelves are efficacious and safe.
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1.2. Conventional authentication methods

To maintain safe and efficacious botanical products, multiple
analytical approaches continue to serve as primary means of
characterizing plant formulations; however, they possess
distinct limitations in their accuracy, sensitivity, and/or pros-
pects for development; this highlights a noticeable analytical
gap in botanical profiling.

1.2.1. Classical taxonomic approaches: macroscopic and
microscopic morphology. Botanical identification by
morphology (macroscopic or microscopic characteristics) is one
of the most accurate methods in confirming botanical identity
and has a large role in phytochemical research.” Taxonomic
treatments guided by species-specific combinations of
morphological characteristics are used in botanical quality
control and scientific investigations extensively.'®'” As most
taxonomic treatments are mostly based on the morphological
characters of the reproductive organs (flowers, fruits), and the
above-ground vegetative parts, identification of commercial
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botanical products through morphology can be challenging.***®
Although microscopic and organoleptic characteristics may still
provide accurate means of identification in some cases where
the botanicals are available fresh or dried,'®'® their identifica-
tion becomes impossible when the ingredients lose their diag-
nostic features during product development; for example, when
they are substantially processed (e.g., ground, extracted, or
compounded).”?* The use of microscopic techniques such as
scanning electron microscopy (SEM) and transmission electron
microscopy (TEM) for anatomical studies leads to additional
challenges due to the expensive equipment, extensive process-
ing, and proper user experience required to minimize
misleading artifacts.>**® While trained specialists have tradi-
tionally been required to provide accurate morphological
identifications (a limitation of the method), technological
advancements, including machine learning and artificial intel-
ligence approaches, could bolster the use of morphological
identification for plants,***” though questions of interpretable
accuracy remain.”*?*® Furthermore, the literature records for
species level identification are sparse and sometimes contra-
dictory,*** and associated language-specific names can be
varied as well.****

1.2.2. Genomic approaches. DNA barcoding is an approach
applied in the identification and quality control of herbal prod-
ucts, which enables species identification using short standard
DNA sequences (e.g., DNA barcodes).>>*” DNA barcoding coupled
with high throughput sequencing (HTS), known as DNA meta-
barcoding, allows simultaneous high throughput multi-taxa
identification from complex samples with DNA of different
origins.*** However, both the DNA barcoding and meta-
barcoding have limitations in producing positive authentication
of plant ingredients from any amplifiable DNA and false nega-
tives with degraded or lost DNA during processing or
manufacturing, and their applicability is narrowed to only taxo-
nomic authentication; barcoding is unable to provide any
quantitative or qualitative information regarding the active
metabolites in the plant samples in the context of quality control
of herbal products.**® Real-time quantitative polymerase chain
reaction (qPCR) technology eliminates the need of sequencing by
enabling real time detection of specific target sequences using
gene specific primers and fluorescence.*** The barcoding-high-
resolution melting analysis (Bar-HRM) has emerged as
a simple, highly specific, cost-effective, high throughput, and
sensitive technique, having the potential of detecting and
discriminating among closely related species in herbal products
without the need of post PCR analysis with mini barcodes (<200
bp). However, its application to multicomponent samples might
produce unreliable results.’** Genomic approaches can extend
to situations where the adulterant or mixture contains unknown
species via the use of non-specific primers;***> however, this is
not a universal solution, as the genetic divergence of certain
materials (e.g:, wild potatoes, Euphrasia) may not be large enough
for species level separation.*® In addition, genomic identification
isn't applicable if the products are processed samples, which do
not feature genomic material.*>*

1.2.3. Targeted chemical approaches. The use of targeted
chemical analysis to identify and characterize botanical
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products can be extremely useful, as often there are distinct
molecules present that are well known in the literature to
represent the species or genus or there are specific monographs
detailing their characteristic chemical profile (e.g., the German
Commission E,** US Pharmacopeia,* Tyler's Herbs of Choice,*
and the American Herbal Pharmacopoeia®). Furthermore,
previously identified marker compounds can be detected by
a variety of chemical techniques, including charged aerosol
detection (CAD) or ultraviolet-visible light spectroscopy (UV-vis),
often coupled to separation methods like high performance
liquid chromatography (HPLC), capillary electrophoresis (CE),
or gas chromatography (GC). However, axiomatic to employing
a set of biomarkers to characterize a botanical product is (a)
a priori knowledge of the chemistry relevant to the plant and (b)
availability (either commercially or via previous isolation
efforts) of the requisite compounds in sufficient quantity and
quality for the unambiguous characterization. This represents
a major drawback to relying on defined subsets of the plant's
chemistry, as not all botanicals have been exhaustively evalu-
ated to have detailed literature or monographs that support
targeted molecular approaches.

Additionally, targeted analyses rely on an oversimplification
of the broader chemical landscape present in botanicals, and
this leaves the analysis susceptible to duplicitous manipulation
of the product, especially single-molecule analyses. Ginkgo
(Ginkgo biloba L.) extracts were found to be adulterated with
flavonoid-rich chemical mixtures to bypass authenticity
markers that were built upon “flavone glycosides” as a broad
category; 35% of those sampled were found to be a completely
different species (Styphnolobium japonicum (L.) Schott).>** For
the elderberry case mentioned above, the samples had been
spiked with black rice extract, which contains the elderberry
marker cyanidin-3-O-glucoside.* Other cases have been well-
documented where botanicals, dietary supplements, and
nutraceuticals were spiked to bypass authentication or quality
control efforts.>* In one, weight loss dietary supplements were
adulterated with various androgenic steroids, alkaloid deriva-
tives, or even Ephedra sinica Stapf extracts.”*® A second weight
loss supplement case found chemical analogs of the banned
1,3-dimethylamylamine (1,3-DMAA) present in commercial
products.®’

These inadequacies can be partially overcome by incorpo-
rating multiple chemical biomarkers into a single method,
known as molecular “fingerprints.” This has been employed to
authenticate various botanical species, including Coptis
species,®® Tinospora species,* and even the Association of Offi-
cial Agricultural Chemists' (AOAC) official method for authen-
ticating ashwagandha (Withania somnifera (L.) Dunal), which
utilizes 10 separate withanolide glycosides and aglycones.®
However, multi-compound fingerprints are more labor- and
time-intensive to establish and validate, and there are practical
challenges in developing a method that can accommodate the
potentially disparate physiochemical characteristics of a series
of analytes.®" This also does not address the issue of using pre-
defined compounds to characterize a botanical product, as
reliable sources of the analytes must be available for method
development and further implementation.

This journal is © The Royal Society of Chemistry 2025
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1.3. Mass spectrometry/metabolomics methods of
characterization

The metabolome is generally defined as the complete set of small
molecules (<1200 Da) produced or metabolized by an organism/
biological sample at a given point in time. This includes primary
and secondary metabolites, the latter of which are designed for
interaction with the external environment and are the best
candidates for bioactivity.”*> Metabolomics is the universal,
unbiased measurement of the metabolome (with the assertion
that no single analytical platform can capture the entirety of
small molecules in one experiment),*”® and using the relative
intensity of the metabolite signals provides a broad dataset for
comparing two samples chemically. This has been used for
comparisons between samples’ conditions (species, environ-
ment, geography, processing, storage, adulteration, etc.).®**
Crucially, untargeted metabolomics can be applied with no
a priori knowledge of the chemistry of the system, representing
a powerful agnostic tool for investigations into botanical prod-
ucts, dietary supplements, and nutraceuticals.>*”

While a variety of analytical techniques can be used to collect
metabolome data - including Fourier-transformed infrared
spectroscopy (FTIR), charged aerosol detection (CAD), and
ultraviolet-visible (UV/VIS) spectrophotometry — the two primary
approaches that have emerged for metabolomics studies are
nuclear magnetic resonance (NMR) spectroscopy and mass
spectrometry (MS). Mass spectrometry is a highly sensitive,
highly accurate, high-resolution, robust approach to decipher-
ing the chemical complexity of botanical products and nutra-
ceuticals,® and has become a preeminent analytical method for
collecting metabolomics data. The purpose of this review is not
to discuss advancements in instrumentation related to meta-
bolomics; that topic has been covered elsewhere in great
detail.**”* Instead, this review seeks to summarize and highlight
the analytical and data science applications of metabolomics
methods for botanical characterization, with a focus on novel
approaches developed in the last decade. This review will also
feature current obstacles to advancing the science of botanical
characterization and future directions for innovation.

2. Chemometric data analysis
approaches for untargeted
metabolomics

One of the greatest challenges with untargeted metabolomics
data is analyzing the raw spectral dataset. Metabolomics data
matrices often have more columns (independent variables, e.g.,
m/z-retention time signals) than rows (samples) and are
referred to as “landscape” matrices. There are two main
approaches to analyzing metabolomics data: chemometrics and
quantitative analysis. Chemometrics refers to the application of
statistical methods to discover significant trends and patterns
and maximize the information obtained from the chemical
datasets, while quantitative analysis is traditionally employed
when there is prior identification of relevant metabolites, which
facilitates direct analysis of the subset of chemicals. Compared
to quantitative analysis, chemometrics can be performed on un-

This journal is © The Royal Society of Chemistry 2025
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Fig. 1 Different unsupervised and supervised chemometric
approaches for characterizing botanical materials. Reproduced with
permission from Abraham and Kellogg.” Copyright 2021, Frontiers
Media.

annotated data representing the entirety of the measurable
metabolome, and is the primary statistical modeling performed
on botanical metabolomic data (Fig. 1). To model and extract
relevant information from these dense data matrices, chemo-
metric pattern recognition algorithms are typically employed
(those interested in the theory and derivations of chemometrics
can find thorough discussions for these analyses elsewhere.”7?)

Regardless of the analysis, mass spectrometry data must be
processed from their raw spectral format into a data matrix
suitable for analysis; this is a multi-step process by which
discreet features are obtained (unique m/z-retention time pairs)
for input into the multivariate chemometric methods. While
there are semi-automated software packages that function to
process the data,”” the multitudinous parameters needed to
understand and optimize to produce a final dataset can be
challenging for researchers. Furthermore, the centering,
scaling, and normalization of data is crucial to control for
heteroscedasticity and non-normal signal response but can also
play a role in the shape of the final data matrix.”*””

2.1. Unsupervised linear multivariate statistics

Unsupervised methods are the foremost means for multivariate
analysis of untargeted metabolomics data. These approaches
are considered “unsupervised” as there are no associated data
classifications or metadata that feed into the analysis; sample
relationships are discerned from pattern recognition methods
relying only on the chemical dataset. The most common
unsupervised chemometric approach is Principal Component
Analysis (PCA), a linear regression method in which the meta-
bolomic data is projected into a smaller dimensional space
comprised of orthogonal principal components that allows for
characterization of the overall variation in the data. Frequently,
the first two components are plotted in a pair-wise fashion (e.g.,
“scores plot”), which allows for a spatial analysis of the overall
chemical similarity of the objects/samples without any guiding
principles and provides a corresponding look at potential
contributions of variables to the PCA model (e.g., “loadings
plot”).”® This relatively simple multivariate analysis often
represents a first step in analyzing botanical metabolomics
data; however, the model does not inherently provide

Nat. Prod. Rep.
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quantitative measures of similarity or dissimilarity, and the
choice of components to plot is often an ad hoc decision, which
could complicate unbiased analysis.”

Beyond PCA, other unsupervised methods follow similar
dimensional reduction approaches. Hierarchical Cluster Anal-
ysis (HCA) employs distance calculations between samples
using and amalgamating the results to cluster based upon
overall similarity. The clusters can be evaluated based upon
different criteria (e.g., how many groupings are desired) for
describing sample similarity. Self-organizing maps (SOMs) are
neural network-based algorithms that reduce the dimension-
ality to yield patterns of samples that are represented in a 2-
dimensional map, with similar samples being mapped closer
together.*® All of these multivariate methods benefit from rela-
tive computational simplicity and an agnostic approach to
classifying samples without any a priori decisions or metadata
describing connections between the samples, and thus are
powerful approaches for metabolomic analyses of botanical
phytochemistry.

2.2. Supervised linear multivariate statistics

Supervised multivariate analyses have a different purpose
compared to unsupervised approaches; supervised methods are
used in identifying relevant biomarkers, classification of
sample categories, and unknown prediction, which are beyond
the scope of unsupervised methods. Supervised multivariate
methods are generally linear regression models built to
accommodate both independent and dependent variables to
model correlative changes based on the independent variables.
Indeed, a number of machine learning models are built upon
supervised multivariate methods.** However, due to the imbal-
ance of independent variables to samples in most metabolomic
studies, supervised techniques are prone to overfitting the
data;*” even to the point of ‘fitting’ a model to completely

View Article Online
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random data.®® Thus, steps must be taken to ensure that the
model is robust and able to fit and predict the data without
overfitting. One primary approach for supervised linear
modeling is partial least squares (PLS), a dimension reduction
method similar to PCA in which the model condenses the
complex independent (e.g. chemical) data into a smaller set of
latent variables but employs a dependent variable to supervise
the overall construction of the model. The dependent variables
can be nominal (e.g., pre-defined classes or categories, known as
PLS-Discriminant Analysis (PLS-DA))* or numerical in nature
(e.g., concentration, yield, or activity, known as PLS-Regression
(PLS-R)).* PLS results in similar plots as PCA but can also be
used to extend the analysis and highlight potential differenti-
ating metabolites from the dataset.*® Numerous variations of
PLS have been developed,®® and PLS is a principal linear
regression algorithm for botanical characterization.”*** Soft
Independent Modeling of Class Analogies (SIMCA) is a super-
vised extension of PCA; samples are grouped into a priori
defined classes and then a PCA analysis is performed on each
class. The two classes are compared, and unknown samples can
be projected into this space to quantify the similarity against
the classes’ PCA space.” This has been used in multiple
instances to distinguish similarities between reference sample
sets and unknown samples.”***’

2.3. Non-linear machine learning approaches

While models such as PCA, PLS, and SIMCA are easily inter-
pretable, their dependence on linear algorithms is a limitation,
as they only model linear correlation and covariance. Chemical
relationships in botanical systems are inherently non-linear in
nature; thus, non-linear methods can be especially positioned
to understand these relationships via metabolomics data. These
machine learning approaches can be unsupervised or super-
vised in their approach. Non-linear models can use decision

Table 1 Comparison of reported chemometric methods and their advantages/limitations with respect to botanical identification and

characterization

Chemometric method Method type Advantages Limitations
Principal Component Analysis Unsupervised Dimension reduction, Not quantitative, ad hoc component
(PCA) multivariate straightforward calculation, noise decisions, loss of information,

Soft Independent Modeling of
Class Analogies (SIMCA)
Partial Least Squares (PLS)
Random forest

Support Vector Machines (SVMs)

Artificial Neural Networks (ANN)

Nat. Prod. Rep.

Supervised multivariate

Supervised multivariate

Decision tree

Kernel separation

Neural network

reduction

Outlier detection, flexible
classification, class-specific
modeling, interpretable

Robust, inference for feature
importance, maximizes separation,
handles high-dimensional data
Robust to overfitting, non-linear
relationships, high accuracy
Robust to overfitting, kernel
versatility in modeling, effective
with high-dimensional data

Adaptable, non-linear modeling

sensitive to data scaling

Restricted to two class comparisons,
sensitive to outliers, limited
inference

Risk of overfitting, assumes
linearity, sensitive to data scaling,
model validation crucial
Computationally complex, struggles
with sparse datasets
Computationally complex for large
datasets, sensitive to noise and
outliers, difficult to choose starting
conditions

No interpretability, requires large
datasets, computationally complex,
prone to overfitting, ad hoc
development

This journal is © The Royal Society of Chemistry 2025
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trees and ensemble learning (e.g., random forest, gradient
boosted tree model) to organize and classify data, take advan-
tage of kernel tricks to plot data in higher dimensional space to
separate data linearly by finding hyperplanes of covariance (e.g.,
Kernel PCA (KPCA), Support Vector Machines (SVM)), or use
deep-learning neural networks (e.g., artificial neural network
(ANN)). Random Forest (RF) is a method that builds an
assemblage of decision trees, each tree of which is trained using
the dependent variable(s).”® Each tree is then employed to
classify the unknown, and a consensus outcome is output as the
model result. Using multiple, randomly generated decision
trees allows for more accurate classifications, and is less prone
to overfitting,” and can be readily applied for botanical
classification.'**'** More recent tree models such as gradient
boosted tree model make use of iterative adaptations to better
fit models to produce more accurate estimates of the
outcome.'”

Kernel approaches involve higher-dimensional latent spaces
to find orthogonal planes that maximally distinguish the data
points. Kernel PCA is a non-linear unsupervised method similar
to PCA using non-linear models to understand similarities and
differences between samples.’® Support Vector Machines
(SVMs) are a supervised machine learning approach that can be
used for regression or classification, similar to PLS. While non-
linear in nature, SVMs are prone to overfitting,'* yet have found
a space in botanical authentication and identification
studies.'®'* The third main type of non-linear chemometric
approach are artificial neural networks (ANNs), deep-learning
machine learning models which mimic the organization of
the human brain, building ‘neurons’ to recognize complex
patterns from large data sets. Using forward and backward
progression through layers of these computational ‘neurons’
allows for a final output to be achieved."*®'* These neural
networks have the potential to be powerful classification tools
for botanical products using metabolomic profiling as
input.”**"** However, their main limitation is the lack of inter-
pretation allowed in neural networks; the presence of layers of
‘neurons’ with random weights and biases results in an inability
to understand the chemical distinctions upon which the deci-
sions are based (Table 1).

Complex botanical metabolomic datasets can provide rich
information on their chemical similarities and differences.
However, organizing this data can be a daunting task, and it is
through these chemometric approaches that such relationships
can be gleaned.

3. Applications of untargeted mass
spectrometry metabolomics for
botanical characterization

3.1. Taxonomic identification

Botanical products may consist of preparations of single or
multiple plant parts, including roots and rhizomes, stems,
leaves, flowers, fruits, seeds, and/or other organs of single or
multiple species. The correct taxonomic identification of the
plant species and botanical parts used is crucial to

This journal is © The Royal Society of Chemistry 2025
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understanding the potential biological activity and/or adverse
effects of a preparation. However, determining the genus,
species, or cultivar of raw material by morphological charac-
teristics can be difficult or impossible. Untargeted meta-
bolomics approaches provide rigorous analytical methods to
establish similarities and differences in phytochemistry against
benchmarked taxa repositories (e.g., herbaria, reference mate-
rial libraries, botanical gardens) or to compare multiple
botanical samples against each other.

For example, in seeds, there are limited distinguishing
features to differentiate among species morphologically, but the
chemical composition can be unique in comparison to other
species, suggesting that untargeted metabolomics may repre-
sent a means of identification. Lesiak et al. employed direct
analysis in real time mass spectrometry (DART-MS) to analyze
the metabolomic profiles of seeds from various species of
Datura, and unique chemical footprints allowed for the differ-
entiation and identification of Datura species solely by seed
chemistry."® Similar investigations have been performed with
rice, lentil, and soybean cultivars, all demonstrating that uni-
que seed chemical profiles can be used for future identification
testing. "7

The Phyllanthus genus consists of plants used to treat
multiple conditions in traditional systems of Indian medicine,
including, but not limited to, jaundice, dermatitis, and various
respiratory diseases.’* To examine differences among closely
related species, researchers used an untargeted LC-MS
approach to create unique and discernible profiles for nine
Phyllanthus species for authentication and quality control. In
a similar study, researchers used LC-MS metabolomics with
PCA and OPLS-DA to characterize 10 cultivars of cranberry
(Vaccinium macrocarpon Ait.), revealing distinct clustering
amongst the cultivars (Fig. 2). These groupings were consistent
with each cultivar's genetic background, with the most closely
related cultivars clustering together,'** offering evidence that
sub-species discrimination is achievable via these methods.
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Fig.2 An OPLS-DA model of untargeted LC-MS profiles of cranberry
(Vaccinium macrocarpon Ait.) cultivars. (A) Scores plot for 10 cranberry
cultivars; (B) scores plot for cultivar group A vs. B (including “Early
Black” and “Demoranville” and “Ben Lear” cultivars); (C) S-plot for
predictive component from model A vs. B; (D) S-plot for orthogonal
component from model A vs. B (significant biomarkers highlighted in
red). Reproduced with permission from Wang et al.*** Copyright 2018,
American Chemical Society.
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This has been expanded to interrogate other generally muddled
herbal products; Xu et al. employed direct infusion-three-
dimensional-mass spectrometry to disentangle the meta-
bolomic profiles of herbal products that contain multiple
Umbelliferae plants. This analysis bypassed traditional chro-
matographic input into the mass spectrometer, instead joining
multiple ion monitoring (MIM) MS1 scan events, enhanced
product ion (EPI) experiments for MS”> data collection, and
online energy-resolved MS to provide breakdown graphs of the
MIM data to yield a multi-dimensional representation of the
chemical profiles (Fig. 3) that provided rapid metabolomic
analysis of botanical products."*® Guo et al. (2023) employed an
air flow-assisted desorption electrospray ionization-mass spec-
trometry imaging (AFADESI-MSI), to provide tissue analysis of
xylem and phloem of two Radix Puerariae species, (Puerariae
lobata (Willd.) and P. thomsonii (Benth.)).*”* The 3’-hydroxyl
puerarin level was higher in the xylem of P. thomsonii and
higher in the phloem of P. lobata (Fig. 4), suggesting qualitative
and quantitative differences between these two species. Subse-
quent analyses of the metabolomes revealed 52 discriminating
metabolites.

Metabolomic techniques were able to resolve plant organs
and the originating biomes within the genus Copaifera
(Fig. 5).**> The leaves of C. langsdorfii (Desf.) contained higher
levels of flavonoids that the reproductive organs and branches
notably lack. It was also noted that plants stressed by temper-
ature fluctuations produced higher levels of terpenes and
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Fig. 4 Mass spec imaging (MSI) spectra of isoflavonoids in P. thom-
sonii and P. lobata xylem/phloem. Reproduced with permission from
Guo et al.*** Copyright 2023, Elsevier Ltd.

flavonoids, therefore creating a unique chemical footprint
dependent on the biome in which it grew."** A study on Amer-
ican ginseng (Panax quinquefolius L.) roots revealed that
morphological regions could be identified within the root
system using ultrahigh-performance liquid chromatography
with quadruple time-of-flight mass spectrometry (UHPLC-
QTOF-MS). Examining the main, lateral, and fibrous root as
well as the rhizome revealed 4-11 distinguishing chemical
markers per morphological region.®® Plant organs from Piper

i I ;
‘ ! 1] -
L1 WO |0 T <
10r) [ L I b L i . L 1 . /19' >
1D, step-wise MIM 1 1, I [T 11l 7P &
VECOELD D | SR g : “"_QJ‘
£ 75 IR LN (VR S SO A
5 \ Il A b3 1) ’
i 0L O MRS M TR
£ n L LR L
s | ]I Al JIFRRBEVE I NGL! R
] | fi 1
251 | CALLLAR Ehall AR Rl bl
[oscbadighaUn bk ik K ¥ I Dibdbialbi dad e Jiche,
TR W LR RSEARTEI AN TR AR AT RN /
0

Q1. miz 99 129 159 189 219 249 51

279 309 3390 369 399 429 459 48
P At s aesat T

A

. "-'v\'

9 349 579 09 639 669

5=

D, MIM-IDA-EPI

E I I L O N O 2 O O

Fig. 3 Graphical representation of the direct infusion-3-dimensional mass spectrometry method for analyzing botanical products, combining
a stepwise multiple ion monitoring (MIM) program, enhanced product ion (EPI) experiments for MS? data collection, and online energy-resolved
MS (ER-MS) breakdown graphs for all MIM items. Reproduced with permission from Xu et al.*** Copyright 2020, American Chemical Society.

Nat. Prod. Rep.

This journal is © The Royal Society of Chemistry 2025


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5np00040h

Open Access Article. Published on 03 December 2025. Downloaded on 1/19/2026 9:17:00 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Review

spp.,"** Brachychiton acerifolius (A. Cunn. ex G. Don) F. Muell.,"**
and Salicornia perennis Mill."** also revealed the sensitivity of
metabolomics to differentiate botanical organs.

These techniques extend to discrimination within mixtures
of multiple botanical species. Uncariae Ramulus Cum Uncis
(Gou-Teng) is a traditional Chinese herbal medicine that can be
derived from one of five different species of Uncaria.**® To
differentiate species comprising the medicine, untargeted LC-
QTOF-MS analysis was combined with multivariate PLS-DA
modeling, which was able to differentiate the various species
and provide discriminating biomarkers. This resulted in
a support vector machine (SVM) model which proved to be
100% accurate in identifying origin species from 20 commercial
samples, identifying four samples which did not contain any of
the five official species.'””

The majority of metabolomics studies analyze samples that
have all been procured and processed in a relatively short time
from when they were first grown. Resende et al. (2020) pushed
this boundary by investigating Solanum spp. herbarium
vouchers, and found that, after 10 years of storage, samples
from S. argenteum Dunal and S. pseudoquina A. St.-Hil. were still
able to be differentiated by their chemical profiles."*” Even older
herbarium specimens, of the medicinal genus Salvia (some
dating to 1862) were discriminated by metabolomics,"*® sug-
gesting that the age of the specimen did not have a significant
effect on the chemical composition for untargeted methods, but
the specific compounds from a targeted approach were affected.
Similar studies testing preserved samples from the genus
Nicotiana™® and the Gentianaceae family™*® have also demon-
strated sufficient specificity and sensitivity to discriminate
between botanical samples.

3.2. Adulteration

Adulteration, which includes the omission or inadvertent or
purposeful exchange of botanical specimens in a formulation,
is an increasingly concerning issue in the herbal and dietary
supplements marketplace. Recent estimates of adulteration in
five of the most popular and top-selling herbs in the United
States, ginkgo, black cohosh (Actaea racemosa L.), elderberry,
echinacea (Echinacea spp.), and turmeric (Curcuma longa L.)
found 17-57% adulteration in tested products.’** Adulteration
includes many types of ingredient substitutions, dilutions,
additions, and contaminants done intentionally for economic
reasons or unintentionally due to misidentification or mis-
handling of materials along the supply chain.*>****** Thus, it is
imperative that strategies be deployed for characterizing
botanicals to ensure that the proper material is being harvested,
processed, and offered to consumers, and that fraudulent
materials in otherwise known, claimed, or labeled ingredients
are detectable, even in post-market analyses.

Detecting botanical adulteration includes using reference
materials, often available through independent sources, that
are ideally traced from harvest, authenticated taxonomically,
and vouchered.® These validated samples have verified,
unadulterated chemical profiles that can serve as standard
fingerprints for comparison within metabolomic analyses,"** as

This journal is © The Royal Society of Chemistry 2025

View Article Online

Natural Product Reports

well as provide potential biomarker compounds that can then
be utilized to differentiate species within a botanical mixture.**
Sarker et al. used authenticated Tinospora spp. for LC-HRMS
metabolomics analysis with OPLS-DA and PLS-DA chemo-
metric models to determine the “normalized abundance” of
seven biomarkers to distinguish Tinospora cordifolia Thunb.,
a popular Ayurvedic herb, from T. crispa L. and T. sinensis
(Lour.) Merr., two similar species that can be mistakenly iden-
tified and substituted for T. cordifolia, but have potential
adverse health effects.” Efforts to cover adulteration may also
occur when a labeled ingredient is substituted or diluted with
an unrelated species that has a similar chemical profile or
a shared key biomarker known for having beneficial health
effects, in attempt to bypass quality control systems that focus
on individual or a small number of biomarker compounds.***
Using LC-MS metabolomics, Wallace et al. were able to detect
adulteration at the 10% m/m level of Chinese goldthread (Coptis
chinensis L.) roots in goldenseal (Hydrastis canadensis L.) root
preparations using a supervised method, soft independent
modelling by class analogy (SIMCA).'** Both plants contain
berberine, a benzylisoquinoline alkaloid credited for much of
the bioactivity of goldenseal, but only goldenseal contained the
characteristic compounds hydrastine and canadine, while
Chinese goldthread contained magnofluorine, coptisine, di-
hydrocoptisine, palmatine, and jatrorrhizine. As the relative
intensity of unique compounds fluctuated, researchers were
able to determine the level of adulteration, as well as quantify
and view changes in PCA clustering which served as a visual
representation of metabolomics data without having prior
information on the variance of the dataset.'**

Likewise, quality control screenings of botanicals that have
historically been completed with UV detectors, such as assays
using spectrophotometric quantification or chromatographic
techniques with HPLC are often not sensitive enough to detect
adulterants, and some producers may purposely use adulter-
ants that evade these detection techniques. For example, cran-
berry fruit products are widely consumed for their flavor and
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@ C./angsdorfii
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C.venezuelana

Projection of samples
on PCI:PC2 plane

Fig. 5 PCA scores plot of Copaifera spp. showing clustering across
species as well as plant physiological part. Reproduced with permis-
sion from da Silva et al.*??> Copyright 2021, Royal Society of Chemistry.
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health benefits. The latter are thought to be at least in part due
to bioactive A-type proanthocyanidins (PAC)s that have been
shown to be uniquely effective for treating urinary tract infec-
tions. Quality screening methods used to detect PACs in cran-
berry products, such as the colorimetric 4-(dimethylamino)
cinnamaldehyde (DMAC) reaction, cannot differentiate between
A-type and B-type PACs, so frequent adulterations to cranberries
have included less expensive fruit extracts such as apple, grape,
or blueberries that have B-type PACs and would yield positive
results in the DMAC assay, but do not possess the same
bioactivity and efficacy in treating urinary infections. Peanut
skins, which have A-type PACs, have also been used as an
adulterant but may pose a serious health risk to those with
peanut allergies. While colorimetric assays are susceptible to
deception with non-A-type PACs, mass spectrometry meta-
bolomics methods using UPLC-MS or MALDI-TOF are capable
of selectively identifying individual PACs with differing bond
structures.'3*"3¢

The herb saffron is obtained from the dried stigmas of
Crocus sativus L., which give rise to its characteristic color and
flavor. In comparing commercial samples, some of which were
adulterated with other parts of the saffron flower (5-50% m/m
stamens, tepals, or other constituents), an untargeted meta-
bolomic approach was able to differentiate authentic versus
adulterated samples at the 5% m/m level with high levels of
model correlation (R*Y = 0.99) and predictive capacity (Q*Y =
0.99) (Fig. 6).* This provides an interesting case study on the
differentiating potential of metabolomics characterization
techniques; these were plant parts derived from the same
species, and thus some other analytical approaches (e.g. genetic
analyses) would have been unable to identify the impurity in the
samples. Another study employed untargeted LC-MS meta-
bolomics coupled with unsupervised dimensional reduction
(PCA) to detect differences in the metabolomes between mass
produced saffron and locally sourced saffron. Furthermore,
supervised analysis (OPLS-DA) revealed 9(S),10(S),13(S)-trihy-
droxy-11(E)-octadecenoic acid as a significant biomarker able to
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Fig. 6 Orthogonal Partial Least Squares-Discriminant Analysis (OPLS-
DA) scores plot of authentic vs. adulterated saffron samples. Model
metrics R%Y and QY are provided. Reproduced with permission from
Senizza et al.®* Copyright 2019, Elsevier Ltd.
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distinguish mass produced saffron, and using oxidized crocins,
the method was capable of differentiating quality levels of
saffron regardless of geographic origin. Furthermore, this
analysis was able to detect adulterations with paprika (Capsicum
annuum L.) or turmeric at the 10% m/m level, representing
a more sensitive approach compared to traditional methods of
adulteration detection.™”*3*

3.3. Intraspecies variation in the chemotype

The demonstrable differences in phytochemical makeup
between taxa have been well established. Variations in plant
biosynthetic pathways can underlie both the potential biolog-
ical activity or toxicity and provide insight into the identification
or misidentification of the botanical. However, it is well known
that there are numerous other factors - both biotic and abiotic -
that drive chemical variation within a given taxonomic group.
Many of these effects are well-documented, and we will not
attempt to reiterate those here.”***** As these have multi-
factorial impacts on the chemistry, metabolomics represents
a powerful analytical tool for deciphering such alterations to the
metabolome.

3.3.1. Geography and environment. The geographic loca-
tion and environmental conditions surrounding a plant's
growth have an unmistakable impact on the specialized
metabolite production in the plant. This has been known for
a long time in the wine and food industry, where a unique
location's influences on secondary metabolite composition give
a distinct aroma and flavor profile, or terroir.**>'** The same
principles can be applied to botanical supplements, medicinal
plants, and nutraceuticals.**

In an examination of saffron commercial samples including
some from protected designations of origin (ie., single
authenticated origin samples, PDO), distinct metabolite profiles
were made evident by LC-MS/MS, suggesting that geographic
differences were reflected in the saffron metabolomes.** LC-MS/
MS metabolomics was also used to differentiate different
countries of origin for black pepper (Piper nigrum L.) between
Brazil, Sri Lanka, and Vietnam and highlight putative
biomarkers for discrimination of origin (Fig. 7A and B).**>'*¢ In
two other studies, GC-MS metabolomics distinguished black
peppers grown in different regions of Brazil'*” and China.'*®
Untargeted analysis of lily (Lilium spp.) bulbs also yielded
distinct clusters based upon 5 different geographic origin
locations.** Untargeted gas chromatography-mass spectrom-
etry (GC-MS) metabolomics highlighted different chemotypes of
Ferula assa-foetida L. based upon geography and climate
conditions,' and a combination of untargeted metabolomics
and UV-vis differentiated geographic origins of Cotinus coggy-
gria Scop.** Barbosa et al. (2020) employed non-targeted LC-MS
profiling to discriminate between different geographic sources
of paprika; the chemical fingerprints provided clear distinctions
between paprika grown in Spain versus the Czech Republic.”?

The geographic location of production of a botanical,
whether a food product, nutraceutical, or medicinal plant, is
a collective representation of multiple biotic and abiotic factors
that exert influence over the biosynthetic regulation of small

This journal is © The Royal Society of Chemistry 2025
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Fig. 7 Key biomarkers revealed by GC-MS analysis of black pepper (Piper nigrum) for (A) geographical authentication and (C) processing
authentication. Relative contributions of the top six metabolites from the OPLS-DA model for both (B) geographical origin and (D) processing of
black pepper. Relative concentrations of the corresponding metabolite are indicated by colored boxes on the right (relatively high levels are
indicated in red, and the lower ones, in blue). Reproduced with permission from Rivera-Pérez et al.**¢ Copyright 2021, American Chemical

Society.

molecules in a plant and contribute to a unique small molecule
profile, or chemotype. Indeed, the differences based upon
geography are distinct and readily identified via metabolomics-
based analyses; these have even been positioned as a potential
marketing mechanism for botanical products to help ‘verify’
geographically indicated products for the marketplace.'*

3.3.2. Production and processing effects. The production
of medicinal and nutritional botanicals involves a number of
variables that can impact the overall chemical profile of the
plant sample. Furthermore, post-harvest processing plays
a large role in the ultimate small molecule profile, and thus
sensory and bioactive properties, of the final product.

Green tea (Camellia sinensis (L.) Kuntze) is a prime example
of a botanical with nutritional and medicinal applications upon
which production and processing can have large impacts. Green
tea that was grown in the shade versus the sun demonstrated
substantial differences in chemical composition; untargeted
metabolomics revealed that sun-grown tea contained more
galloylquinic acid, epigallocatechin, epicatechin, succinic acid,
and fructosethan, whereas shade tea samples had more flavo-
noid derivatives, including gallocatechin, strictinin, apigenin
glucosyl  arabinoside,  quercetin  p-coumaroylglucosyl-

This journal is © The Royal Society of Chemistry 2025

rhamnosylgalactoside, kaempferol
oylglucosylrhamnosylgalactoside, malic acid, and pyroglutamic
acid.” The tea plantation's elevation also proved a significant

p-coumar-

variable in determining green tea chemistry, with theogallin,
citric acid, theanine, and sucrose increasing in concentration
with increasing elevation.'” Roasting of tea leaves initiates
a number of biochemical reactions which fundamentally alter
the chemical profile of the tea; untargeted metabolomics was
employed to distinguish between white, green, black, and
oolong teas,"® while also showing the dynamic shifts in meta-
bolome during the roasting process.'*® Metabolomics analysis
was employed to understand the chemical differences produced
by intercropping systems of green tea. Intercropping Chinese
chestnut (Castanea mollissima Blume) with tea revealed
substantial shifts to the phytochemical profile of the tea
compared to monoculture tea plants, including allantoic acid,
sugars, sugar alcohols, and oleic acid.*””

Herbs that play a role both in culinary traditions as well as
possessing potential nutritional and medicinal value can
become heavily processed commodities through drying,
grinding, cooking, and extracting processes. The application of
sterilization or drying has the potential to impact a wide variety
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of metabolites, and therefore metabolomics can serve as a tool
for analyzing the changes brought on by processing in botanical
products. In the case of black pepper, heat treatment resulted in
a shift in key volatile markers that were captured by GC-MS
analysis (Fig. 6C and D).*** Similar approaches were utilized
for thyme (Thymus vulgaris L.) to differentiate samples based
upon production and processing parameters.****>

3.4. Merging activity with metabolomics

Metabolomics datasets can be analyzed and interpreted either
solely based upon their feature (metabolite) information
(unsupervised approaches, see Section 2.1), or by adding
dependent variables to guide the analysis (supervised
approaches, Section 2.2). Most cases presented thus far use
categorical data as the dependent variable (e.g., country of
origin, plant physiology, species), which facilitates the use of
linear regression models incorporating non-numeric metadata.
However, it is crucial to note that regression analyses with
numeric dependent data can shed unique insight into the
bioactive chemistry of botanical preparations. Often referred to
as “biochemometrics,”®® merging biological activity with
chemical profiling represents a robust approach to supervise
the downstream analysis and identify putative biomarkers for
follow-up characterization, providing a crucial link between the
chemical metabolome and overall phenotype of the sample.'*
The incorporation of sensory qualities, in vitro biological
activities, or other phenotype data has powerful applications in
characterizing botanical products. The exploration of bi-
ochemometrics for specific natural product discovery lies
outside the scope of this particular review (others have accom-
plished this very well**®*%*), but these approaches still hold
value for discriminating, characterizing, and identifying the
botanical sources of biological activity.

One use for this approach is in grading and profiling the
flavor chemistry of plant products. In analyzing monoculture
tea and intercropped tea, Wu et al. noted that the intercropped
tea was graded higher than a monoculture tea from the same
plantation, suggesting there is a taste alteration associated with
the intermingled system. The metabolome associated with
green tea intercropped with Chinese chestnut had alterations in
the amino acid and flavonoid composition, suggesting a shift to
less bitter compounds, which could increase palatability.'*”
Similarly, sensory and metabolomic analysis of different grades
of Huangshan Maofeng green tea revealed procyanidins as the
main quality markers differentiating the grades.'®* Analyses of
ground coffee (Coffea spp.) used OPLS-DA to identify metabo-
lites from GC-MS profiles associated with sensory quality; this
led to the identification of three main metabolites (methyl
pentanoate, 2-furfurylthiol, and r-homoserine) as significant
markers of aroma quality from the ground coffee samples.'*
Beyond beverages, sensory analysis integrated with meta-
bolomic profiling has been employed for fruits,'**'*” vegeta-
bles,'*® herbs,'” and culinary vinegars."”®

Incorporating bioactive data into chemometric analyses can
serve to further differentiate botanical (sub)species and physi-
ological parts. Bioactive molecule families (e.g., phenolics,
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alkaloids, and terpenoids) were used to distinguish between
three Bryophyllum species based on their differential expres-
sion."”* The inhibitory activity of three different Trigonella
species on digestive enzymes (a-amylase and a-glucosidase) was
integrated with untargeted metabolomics to discriminate the
species,"”” and in another study, antioxidant activity was used as
a supervising variable to distinguish peach (Prunus persica L.
Batsch) cultivars.'” Additionally, anti-inflammatory data was
instrumental in determining the responsible plant organs from
Armenian cucumber (Cucumis melo var. flexuosus L.).””* Thus,
organoleptic and bioactive data can complement global meta-
bolomics analyses to provide crucial clues to characterize
botanical products.

4. Challenges

Metabolomics is a powerful analytical tool in the field of
botanical characterization and identification, with numerous
applications across plant biology, nutraceuticals, and natural
products chemistry. However, metabolomics, and especially
mass spectrometry-based metabolomics, is not without chal-
lenges and obstacles as a developing omics field. Limitations of
the analytical instrument, the current shortcomings of meta-
bolomics databases, and inherent variability in botanical
samples represent three key challenges faced by researchers.

4.1. MS limitations

Mass spectrometers have grown more sensitive and more
accurate in their measurement of molecular (and associated
fragment) masses,'”* furthering the applications and robust-
ness of MS as an analytical tool for metabolomics analyses.
There are multiple instrument parameters that impact the
quantity of masses detected, and influence the number and
quality of fragmentation spectra obtained.

One parameter is the ionization method, which is essential
for the detection of molecules in the mass analyzer. Multiple
technical approaches can be employed for ionization, with
(heated) electrospray ionization ((H)ESI) being the most wide-
spread.”® The polarity, voltage strength, and associated
temperatures set during method development all create unique
conditions for ionization, which are not universally adequate to
ionize all potential metabolites in a sample and can also induce
varying degrees of in-source fragmentation of the molecular
ions."””'”® Once ions are injected into the instrument, the mass
resolution, cycle time, automated gain control, and ion injec-
tion time can all have an effect on measurement.'”>'%
Furthermore, the collision energy, the level at which the
precursor ions are fragmented to provide MS/MS tandem
spectra, can vary between instruments, both in terms of method
employed (i.e., collision induced dissociation (CID) or higher-
energy collisional dissociation (HCD)), and the energy level set
to achieve fragmentation.'® This will impact the size, abun-
dance, and pattern of fragments, and impact the ability of the
fragments to be matched against analytical standards or
databases.'®>'®?

This journal is © The Royal Society of Chemistry 2025
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Furthermore, phytochemical isomers are ubiquitously
distributed in plants and frequently interact along different
pathways and different physiological functions. Therefore,
identifying and discriminating between isomers when anno-
tating a metabolomics dataset can be critical in understanding
the biological importance of metabolites. However, mass spec-
trometry, even MS/MS, is often “isomer-blind,”*** as isomers
possess identical MS" accurate masses, and often the same (or
very similar) fragmentation patterns. Ion mobility spectrometry
(IMS) is one means of separating isomeric metabolites in the
gas phase post-LC elution and then passing them to the mass
analyzer; this has been shown to improve isomeric detection
and annotation in traditional LC-MS botanical sample anal-
ysis,'®* as well as mass spectrometry imaging experiments.'®*® Li
et al. (2021) identified 172 isoquinoline alkaloid analogues
across four herbal samples (Coptis chinensis, C. deltoidei C. Y.
Cheng & P. K. Hsiao, C. teeta Wall., and Corydalis yanhusuo W. T.
Wang) using IMS/MS (Fig. 8).*** Li et al. (2021) employed UPLC-
IM-QTof-MS metabolomics to differentiate Panax notoginseng
(Burkhill) F. H. Chen parts (root/thizome versus leaf versus
flower bud), characterizing 328 ginsenoside isomers in the
process, and identifying five as potential discriminatory
biomarkers.” For isomers that lack ion mobility, adduct
formation increases the ionization efficiency of a sample, which
in turn optimizes mass spectrometry signaling patterns. In
a study comparing cyclic IMS with different adduct agents to
distinguish catechin epimers, protonated adducts formed two
stable adducts that IMS/MS could not directly detect, while
sodium adducts gave clear separations of unmodified
epimers.'®®

Compounding these instrumental intricacies is the immense
complexity of botanical metabolomes. The variation in mass,
structural connectivity, and potential for isomers, translate into
a near impossibility of a single universal setting that is capable
of analyzing every metabolite within a sample. Distinguishing
between isomers alone remains a substantial challenge for
mass spectrometry, especially given the different types of
isomers capable of being present in a botanical sample (e.g.,
structural, geometric, stereo)."® And considering the breadth of
structural motifs present in a botanical matrix, from non-polar

Definition of Prediction Interval with Isoquinoline Alkaloid Standards by
Power Regression Analysis (CCS vs m/z, Confidence level: 99%)
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Fig. 8 Prediction interval for screening isoquinoline alkaloids from
four botanicals, using collision cross-section and m/z with a power
regression analysis and 99% confidence level. Reproduced with
permission from Li et al.*®** Copyright 2021, Elsevier B.V.
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(and poorly ionizable) lipids to the widely prevalent polar
metabolites (e.g., saccharides and amino acids), a single
method would be unable to properly detect all of these
compounds. Thus, untargeted metabolomics studies on
botanical matrices are capable of measuring only a portion of
the whole metabolome, even if efforts are taken to ‘optimize’ the
MS conditions."”® Some of these limitations are being addressed
with advances in orthogonal techniques in ionization (e.g.,
atmospheric pressure photo ionization, APPI, and atmospheric
pressure chemical ionization, APCI),'**** additional separatory
techniques (e.g.,, ion mobility)**® and data acquisition
approaches.** However, there exists instrumental variation that
cannot be recapitulated by simply mirroring ionization, detec-
tion, and fragmentation methods between different mass
spectrometers, which further limits the interlaboratory trans-
latability of mass spectrometric metabolomics analyses.*?**%*
Furthermore, highlighted features that are discriminatory
between different phenotypes, or as biomarkers/bioactive
compounds, require additional authentication to confirm
structure and activity. Mass spectrometry isn't capable of
discerning some structural characteristics, and thus orthogonal
approaches, such as NMR, are necessary to fully confirm the
chemical structures.'*>*°

4.2. Databases and annotation

Annotation of LC-MS data has traditionally matched
experimentally-derived accurate mass and MS/MS spectra with
those from authentic chemical standards.”” As untargeted
metabolomics has grown in the past two decades, the
community has endeavored to create experimental MS/MS
spectral databases to facilitate identification of unknown
signals. A range of MS/MS databases such as NIST,"®* HMDB,"”
MassBank,*® Global Natural Products Social Molecular
Networking (GNPS),>* LipidBlast,**> and METLIN®*?* have
expanded the ease of access to reference standard peaks that
may mirror an unknown compound of interest.”*> However,
though valuable, matching unknown peaks from a library can
be challenging, as spectral patterns from mass spectrometers
suffer from the same instrument- and method-specific limita-
tions described above (e.g., instrument configuration, ioniza-
tion, and collision energy). And most libraries are currently
curated with lower collision energies, despite the potential
advantages of higher energy CID/HCD spectra. Mismatched
collision energies can impact the MS/MS ‘fingerprint’ of the
precursor ion and lower the successful hit rates from databases;
some have suggested that collecting MS/MS data over a collision
energy ramp or multiple distinct energy levels (e.g., 0, 10, 20, 30,
60 eV) would improve library searching.”

The ability of a database to annotate untargeted meta-
bolomics data is also predicated on the spectra that are avail-
able in the library itself. While MS/MS accessions have been
steadily increasing over the last decade, only 10-14% of
metabolite signals are able to be annotated.?***"” To circumvent
the dearth of reliable MS? data, computational approaches such
as GNPS*** and SIRIUS**® use fragmentation similarity scoring
to construct molecular networks relating known and unknown
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molecular structures. For both database and computational
methods, the source of metabolites can be a source of incon-
sistency in the ability to annotate a metabolomics dataset; while
multiple databases heavily feature human®® or microbial**®
metabolites, less effort has been devoted to libraries focused on
plant-based metabolites. It is possible to obtain spurious
annotations when searching against libraries that are not
specific to the taxonomic classification of the organism being
analyzed. Thus, botanical-specific databases and libraries
would be an essential tool for the advancement of annotations
in mass spectrometry metabolomics; some efforts have been
made to this effect, including the Sumner Spectral Library, Sam
Sik Kang Legacy Library, and the newest Library Enabling
Annotation of Botanical Natural Products (LEAFBot).>'* These
libraries, to be well-populated and useful to researchers, will
need to be constructed with sound structural data and
expanded to more chemical families and compounds. This
requires data from individual compounds, either isolated or
purchased, that have been comprehensively elucidated using
NMR*'"* to ensure accurate annotation after being deposited
into the library, and that have a robust set of MS fragmentation
data across multiple energy levels and different mass

analyzers."”'%®

4.3. Chemical variation across botanical materials

Global metabolomics comparisons for botanical characteriza-
tion often rely on comparisons against “botanical reference
materials” (BRMs), which are samples whose identity has been
confirmed by one or more analytical methods and is therefore
widely accepted as representative of a species/cultivar.>*> These
reference materials are invaluable for comparing unknown
samples in an untargeted metabolomics experiment, but the
use of BRMs is not without challenges. These botanical refer-
ence materials must be fully validated prior to acceptance and
use, and there isn't adequate availability of reference materials
for all potential botanicals under study. Reference materials
may be available as just one or two different samples, many of
which lack appropriate identifying information and accessible
vouchers for validation.'® The National Institute of Standards
and Technology (NIST) maintains a robust catalog of reference
materials, and efforts by the NIH Office of Dietary Supplements
(ODS) have expanded reference material availability, but it is
ultimately infeasible to have multiple (or even a single) BRMs
for every botanical species and cultivar.**®

However, as noted above, even when reference materials are
available for comparison, there is not a guarantee that BRMs are
sufficient to accurately characterize unknown samples; the final
phytochemical metabolome depends on more than just
genetics: climate,** nutrients and soil conditions,*** herbivory
and predation,*® and pathogen exposure*” all play a role in the
development of a specific metabolome signature.

The impact of environment, climate, and post-harvest
conditions results in potentially large variation in the phyto-
chemical makeup of botanical samples, which could impact
their biological activity, nutritional value, or potential toxic
adverse effects. This could potentially render BRMs, which are
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procured from reputable sources or grown under controlled
conditions, unable to adequately reflect variations in botanical
metabolomes from plants grown in different geographic or
climactic regions, or ones subjected to different post-harvest
conditions. Abraham et al. (2025) employed reference samples
of Ocimum species (basil) that were grown in a greenhouse and
used as a training dataset to characterize commercial basil
samples. However, the reference materials were unable to
provide a sufficient basis for discriminating the commercial
samples, which had unknown growing, harvesting, drying, or
storage conditions.*® But et al. (2023) reviewed the variation of
phytosterol content in saw palmetto (Serenoa repens (W. Bar-
tram) Small) dietary supplements.>® The fluctuation in indi-
vidual and total phytosterols was significant; this variability
could be attributed to the botanical material being sourced,
undeclared admixtures or adulterants, formulations including
vegetable oils, or even differences in analytical methods used in
analyzing the samples. Both represent enhanced variability in
the final metabolome, and thus the authors concluded that this
inconsistency, couple with the lack of reporting and standard-
ization of the chemotype of the material, perhaps limits the
overall clinical usefulness of saw palmetto. Fluctuating meta-
bolome levels within green tea cultivars were also associated
with different flavor profiles, which varied between years,
seasons, and climate; these changes in the metabolome of the
tea were posited to signify greater challenges for farmers to
produce harvests with consistent quality and customer prefer-
ence.”” And metabolomics was used to correlate chemical
profiles of Sinocalycanthus chinensis (W. C. Cheng & S. Y. Chang)
with environmental conditions during growth to optimize
harvest practices and improve biological activity.””* These
varying metabolomes stress the need for deeper investigations
into how environmental stressors impact a plant's biochemical
reactions and overall chemical profile, and to what degree this
impacts desirable and adverse characteristics in the plant.

5. Conclusions

Botanicals are complex chemical systems, extremely dynamic
and sensitive to genetics as well as biotic and abiotic influences.
Accurate classification and characterization of botanicals is
crucial for their continued adoption as medicines, dietary
supplements, and nutraceuticals, and while multiple analytical
techniques for such identification exist (e.g., morphological,
genetic, or single biomarker analyses), mass spectrometry-
based metabolomics has emerged as a sensitive multi-faceted
technique for discriminating botanical samples. The sensi-
tivity and specificity of mass spectrometry enables large data
collection that can be parsed using multivariate or machine
learning statistical methods for discriminating patterns, eval-
uating similarities, and ultimately understanding the chemical
underpinnings of phenotypic differences between samples. The
field is growing rapidly, and while instrumental and logistic
hurdles still limit the totality of compounds analyzed by mass
spectrometry, advanced methods are endeavoring to distin-
guish between isomers, expand the range of compounds visu-
alized by mass spectrometry, and enhance reproducibility
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between instruments or labs. In addition, computational
methods are expanding to facilitate annotation of these large
datasets.

However, evidence is emerging that (sub)species identifica-
tion might not be adequate to provide a full characterization of
a botanical product, especially considering its potential
nutritive/health/toxic effects. A plant's specialized metabolite
composition is guided by the influence of abiotic and biotic
factors, which can be unique to a particular geography,
production characteristics, or even post-harvest handling. This
has precedence in dietary products (e.g., the terroir of wine or
green tea) but has been expanding to other botanical products
(i.e., cannabis). The differences in metabolome could underlie
differences seen at the clinical level, in which species identifi-
cation is insufficient to encapsulate the chemical profile that
achieves a desired effect (or avoids a deleterious consequence).
Therefore, it is worth asking whether characterization and
acceptability of botanical medicines, supplements, etc. needs to
evolve beyond taxonomic identification as a gold standard and
instead broaden to encompass the directly relevant molecular
profiles that would be characteristic of a particular chemotype,
which can be accurately measured by metabolomics
approaches. It is our hope that greater consideration of the
nuances of botanical secondary metabolite profiles will enable
the design of rigorous and reproducible studies of complex
botanical natural products and to increase our understanding
of their biological effects.
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