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Abstract 

The plant kingdom, encompassing nearly 400,000 known species, produces an immense di v ersity of meta bolites, including primar y 
compounds essential for survi v al and secondary metabolites specialized for ecological interactions. These metabolites constitute a 
vast and complex phytochemical space with significant potential applications in medicine, a gricultur e, and biotechnology. Howev er, 
much of this chemical di v ersity r emains unexplor ed, as onl y a fraction of plant species has been studied compr ehensi v el y. In this 
w ork, w e estimate the size of the plant chemical space b y le v era g ing larg e-scale meta bolomics and literatur e datasets. We begin 

by examining the known chemical space, which, while containing at most several hundred thousand unique compounds, remains 
sparsel y cov er ed. Using data fr om ov er 1,000 plant species, we appl y v arious mass spectr ometr y–based appr oaches—a form ula pr e- 
diction model, a de novo prediction model, a combination of library sear c h and de novo prediction, and MS2 clustering—to estimate 
the number of unique structures. Our methods suggest that the number of unique compounds in the metabolomics dataset alone 
may already surpass existing estimates of plant chemical di v ersity. Finall y, we pr oject these findings acr oss the entir e plant kingdom, 
estimating that the total plant chemical space likely spans millions, if not more, with most still unexplored. 

Ke yw or ds: c heminformatics, c hemical space, natur al products, plants 
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Bac kgr ound 

Hundreds of thousands of species exist in the plant kingdom.
Current estimates cover approximately 390,000 species, with a 
fe w thousand nov el v ascular plants being discov er ed e v ery year 
[ 1 ]. Eac h plant pr oduces thousands of primary and specialized 

metabolites for survival and en vironmental interaction. T hus , this 
vast and diverse phytochemical space can theoretically comprise 
millions of potential metabolites, some of which have a variety 
of applications [ 2 ]. About 2% of these known plants have already 
been used for medicinal purposes [ 3 ]. 

Se v er al studies hav e attempted to estimate the size of the 
chemical space for the plant kingdom, emphasizing the complex- 
ity of plant metabolism. These metabolites can be classified into 
2 global categories: the primary core metabolites that are broadly 
shar ed acr oss all species and secondary metabolites, whic h ar e 
specialized plant compounds. Around 8,000 metabolites that re- 
occur across multiple species are captured in databases such as 
PlantCyc [ 4 ]. Secondary plant metabolites that have been identi- 
fied from the literature have been captured in publicly available 
Natur al Pr oduct (NP) databases suc h as COCONUT [ 5 ] and LOTUS 
[ 6 ], whic h cov er a ppr oximatel y 125,000 plant-based compounds.
T hese databases pro vide a foundation for understanding the di- 
versity of plant metabolites, although they represent only a frac- 
tion of the vast chemical space yet to be explored. 

Early plant metabolomics research estimated that there are 
200,000 plant-derived compounds based on the hypothesis that 
each species produces at least 5 novel secondary metabolites and 

the assumption that a ppr oximatel y 223,000 plant species were 
known at the time [ 7 , 8 ]. It is worth noting that the plant chemical 
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pace is a subset of the entire theoretical chemical space, which
s m uc h lar ger and is further r e vie wed in Supplementary Text 1 . 

The identification of c hemical structur es in complex sam-
les, such as plant extracts, has improved with advancements in
etabolomics. Ho w e v er, ma pping the entir e phytoc hemical space

emains a difficult task. Untargeted metabolomics methods, in- 
luding liquid c hr omatogr a phy–mass spectr ometry (LC-MS), still
 el y on deep sampling across various enrichment and separation
echniques . T he quickest method for compound annotations is

ass spectr al libr ary searc h [ 9 ]. Ne v ertheless, suc h mass spec-
r al libr aries ar e hamper ed by the small number of r efer ence

ass spectr a, specificall y in the NP space. A wide array of com-
utational mass spectrometry tools have been developed to sup- 
ort the structure elucidation process [ 10 ], including algorithms
hat utilize fingerprint lookups in databases of known compounds 
uch as CSI:FingerID [ 11 ]. The most promising method for identi-
ying metabolites that cannot be found in any database yet is de
ovo machine learning algorithms such as MS2Mol [ 12 ]. Nonethe-
ess, structur e v erification for man y nov el compounds still re-
uires the help of nuclear magnetic resonance (NMR). Unfortu- 
atel y, NMR cannot easil y be scaled to ac hie v e a similar thr ough-
ut to LC-MS due to the low sensitivity and very low sample
hroughput. 

In this w ork, w e le v er a ge one of the lar gest publicl y av ailable
etabolomics and liter atur e datasets to estimate the c hemical

pace of the plant kingdom. We begin by examining the known
hemical space and find that only a few tens of thousands of
lant species have been studied, most of them only superficially.
he chemical space documented in the literature likely contains 
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e v er al hundr ed thousand unique structur es, pr oviding onl y a
limpse of the true diversity. We then analyze the ov erla p between
he metabolomics and liter atur e datasets for plants present in
oth, observing only a moderate alignment. This suggests that
 single or a few metabolomics samples per plant cannot cap-
ure the full metabolome. Subsequently, we predict the number
f unique chemical structures in a metabolomics dataset span-
ing over 1,000 plant species using various complementary ap-
r oac hes: (i) a formula prediction model, (ii) a de novo prediction
odel, (iii) libr ary-based searc h combined with the de novo model,

nd (iv) MS2 clustering. Our results indicate that the number of
nique structures in this dataset may already exceed current es-
imates of the phytoc hemical space. Finall y, we pr oject these find-
ngs to estimate the total size of the chemical space across the
ntire plant kingdom, suggesting that it likely spans into the mil-
ions . T hese projections more than likely indicate that over 99%
f the phytochemical space remains unexplored, highlighting its
ast and largely untapped potential. 

esults 

xploring the known chemical space of the plant 
ingdom 

etermining the exact size of the chemical space of the plant
ingdom remains unattainable with current kno wledge. Ho w-
 v er, we can make a r easonabl y accur ate estimate using pub-
icl y av ailable data. To ac hie v e this, we first e v aluated the known
hemical space of the plant kingdom by constructing a chemical
pace satur ation curv e using the 2 lar gest publicl y av ailable liter-
ture datasets [ 5 , 6 ] (Fig. 1 A). As expected, the cum ulativ e curv e
hows a decreasing growth rate as more plants are added, even-
ually plateauing at approximately 124,000 unique structures for
he 32,000 species with av ailable data. Additionall y, we examined
his trend using Murcko scaffolds and observed a similar pattern
 Supplementary Fig. S1 ). Inter estingl y, both curv es exhibit sharp
ncreases in certain regions, reflecting instances where the addi-
ion of a species contributed a dispr oportionatel y lar ge number of
e w structur es . T his phenomenon highlights biases in the litera-
ur e, wher e a few extensively studied species account for thou-
ands of r eported structur es, wher eas most species have only a
e w, if an y, structur es documented. 

Before estimating the plant chemical space using mass spec-
rometry data, we first evaluated the coverage of the mass spec-
rometry dataset in relation to the literature dataset, given their
ubstantial ov erla p of plants (Fig. 1 B). Unfortunatel y, the liter a-
ure dataset is sparse, with most plants represented by only a
ew dozen unique structures ( Supplementary Fig. S2 ). T herefore ,
e focused our analysis on 490 plants present in both datasets
ith 20 or more unique structures. As a proxy to assess cover-
ge, we calculated all potential precursor m/z mass shifts based
n the adducts listed in Supplementary Table S1 and compared
hem to the exact masses of compounds reported in the liter-
ture for the same plant (Fig. 1 C). It is important to note that
he MS2 dataset does not ca ptur e the entirety of the metabo-
ites present in the plants, further constraining the observed over-
ap. T he o verlap in Fig. 1 B represents the percentage of chemical
tructures in the literature for which a matching precursor m/z
ass shift exists, indicating that these compounds could be iden-

ified in the metabolomics dataset. Since MS2 signals could cor-
espond to other structures, the observed overlap represents an
pper limit of the cov er a ge, as some matc hes may not dir ectl y
orrespond to the exact compounds reported in the literature.
onv ersel y, the absence of a precursor m/z mass shift matching
 given compound indicates that the compound is not present
n the metabolomics dataset. The ov erla p r atios acr oss these 490
lants follow a normal distribution centered on 25%, indicating
hat for most plants, the metabolomics dataset can potentially
a ptur e onl y a moder ate pr oportion of the compounds reported
n the liter atur e (Fig. 1 C). This confirms that a substantial number
f metabolites documented in the liter atur e ar e not present in the
etabolomics dataset. 
Another aspect we wer e inter ested in investigating is how

he cov er a ge of the metabolome increases as more samples are
creened for a given species. To do so, we calculated the cumu-
ati ve n umber of unique precursor masses (MS1s) rounded to 2
ecimals for 8 species containing more than 5 samples in Experi-
ental Natur al Pr oducts Knowledge Gr a ph (ENPKG) (Fig. 1 D). The

esults sho w ho w going from a single sample to 6 increases the
etabolome cov er a ge up to 6 times . T hese findings suggest that
hile the ENPKG dataset includes over 1,000 plant species , it ma y

a ptur e onl y a portion of their true chemical diversity. As a result,
he estimates derived from this dataset might not entir el y r eflect
he metabolomic richness of these plants, given the current sam-
ling depth. 

We also assessed the consistency of metabolite cov er a ge for ex-
r acts fr om 15 plants shar ed between the Kor ean Pharmacopoeia
 13 ] and the Pierr e Fabr e Researc h Institute Libr ary (RFRIL) [ 14 ],
he 2 main extract libraries within ENPKG. To do this, we com-
ared the distribution of precursor masses and the ov erla p of pr e-
icted Murc k o scaffolds fr om CSI:FingerID acr oss both libr aries
 Supplementary Fig. S3 ). Our analysis revealed noticeable differ-
nces in precursor masses and a low ov erla p in pr edicted scaffolds
etween the 2 libr aries. Additionall y, the RFRIL samples contained
 larger number of features compared to the extracts from the
 orean Pharmacopoeia. T hese discr epancies in pr ecursor masses
nd scaffold ov erla p likel y stem fr om differ ences in extr action
ethods and other factors influencing the metabolites ca ptur ed

n a metabolomics dataset, which are further examined in the Dis-
ussion section. Ov er all, the m ultiple findings her e suggest that
he estimates presented in the following subsections likely un-
erestimate the true size of the plant metabolite space. 

ublic mass spectrometry data may already 

urpass current estimates of phytochemical 
pace size 

o assess how many unique c hemical structur es may alr eady ex-
st in current datasets, we le v er a ged one of the largest publicly
vailable metabolomics datasets for plants (ENPKG) [ 15 ]. We used
 combination of 4 a ppr oac hes to get these estimates: (i) pre-
icted formulas (SIRIUS), (ii) de novo modeling (MS2Mol), (iii) hy-
rid (CSI:FingerID + MS2Mol), and (iv) MS2 clustering. We selected
S2Mol since it was one of the first publicly available de novo mod-

ls, and we de v eloped it. We also selected CSI:FingerID because
t serves as the standard library reference model. Alternatively,
ther de novo models such as MSNovelist [ 16 ] or database lookup
 ppr oac hes (e.g., spectr al entr opy or cosine similarity) could have
een used. These choices allo w ed us to get varying estimates from
 widely used approaches with different strengths and limitations.

Our results reveal that the de novo model predicts the most
tructur es, sur passing 100,000 unique structures across the 1,000
lants. In contrast, the number of unique formulas is the lo w est
ue to its inherent constraint (Fig. 2 ). MS2 clustering and the hy-
rid a ppr oac h (CSI:FingerID + MS2Mol) yield estimates that fall
etween these 2 extr emes. Inter estingl y, while the form ula curv e

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
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Figure 1: (A) Cum ulativ e curv e of unique c hemical structur es in the liter atur e dataset. (B) Ov erla p between the plants in the liter atur e and the ENPKG 

datasets. (C) Distribution of the ratio of literature compounds that can be potentially detected in MS2 spectra based on all the precursor m/z mass 
shifts. Supplementary Table S1 lists the adducts used to calculate each feature’s potential precursor m/z mass shifts. (D) Cumulative number of 
unique precursor masses (MS1) in plants with multiple samples . T he y-axis shows the X increase in MS1s as more samples are added. The 8 plants 
used are the only ones containing more than 5 samples in ENPKG. 

Figure 2: Plant chemical space saturation curve of ENPKG. The plot 
shows a cum ulativ e curv e of the pr edicted number of unique structur es 
using different methodologies . T hese curves are used later to fit po w er 
law models to estimate the total phytochemical space. 
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s v ery likel y a substantial under estimate since one formula can
orr espond to m ultiple structur es, it is higher than the MS2 clus-
ering curve at the beginning. Because the formula curve already
r ovides a conserv ativ e baseline, an y curv e that falls below it is

ikel y under estimating e v en further. This suggests that the MS2
lustering curves may also be conserv ativ e in their estimates.
hese findings highlight the differing capabilities and scopes of 
he models. Rather than dir ectl y comparing the methods—which
s not the focus of this w ork—w e emphasize that the predictions
rom the de novo model, the hybrid a ppr oac h, and MS2 clustering
re close to the size of the liter atur e (124,000 metabolites) with
ar fewer plants. Overall, given that there are mass spectrometry 
ata for 3,000 plants in Global Natural Products Social Networking 

GNPS) and other public repositories and the curves increase lin-
arly, it is more than likely that current mass spectrometry data
ay exceed current phytochemical space size estimates. 
Despite these differences in cumulative estimates, the struc- 

ur e curv es ar e strikingl y similar in sha pe, with steeper incr eases
t consistent points across methods . T his indicates that certain
lants consistently contribute new chemicals regardless of the 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
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Figure 3: Estimated size of the chemical space after fitting the power 
law curves across various methodologies . T he numbers on the right side 
correspond to the size of the chemical space in millions for each 
method, assuming there are 400,000 species of plants. 
Supplementary Fig. S8 depicts a zoomed-in view of the plot around the 
first 1,000 and 10,000 species. 
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 ppr oac h used. We note that the taxonomic diversity in this pub-
ic dataset is low compared to a null distribution ( Supplementary
able S2 and Supplementary Fig. S4 ). T hus , we belie v e a dataset
ith any randomly drawn 1,000 plants might have shown even a

teeper increase. 
Additionall y, we observ ed similar tr ends when anal yzing Mur-

 k o scaffolds instead of structures ( Supplementary Fig. S5 ). These
atterns suggest the models are not simply inflating the numbers
ased on specific regions of the chemical space but are capturing
r ends acr oss differ ent plants. To further v alidate this, we com-
ared the predicted structures for a given MS2 spectrum between
he 2 models ( Supplementary Fig. S6 ). We observed a r elativ el y
igh le v el of a gr eement, supporting the consistency and reliabil-

ty of the predictions. 

rojections of the plant chemical space for plants
ange from millions to tens of millions 

o estimate the total number of plant metabolites, we fit po w er
aw models to the curves in Fig. 2 and projected them to 400,000
lants, yielding estimates between 1.5 and 25.7 millions total
lant metabolites (Fig. 3 ). The form ula curv e pr obabl y under es-
imates the size, as a giv en form ula can lead to multiple struc-
ures. On the other hand, the MS2Mol curve is affected by the ac-
uracy of the predictions from the model, which was not neces-
aril y tr ained to get exact matc hes. Similarl y, the hybrid model
esembles the MS2Mol curve since most CSI:FingerID predictions
ave low confidence (Fig. 5 A). Given these limitations of the pre-
ictive models, the MS2 clustering methods are, in our opinion,
he most a ppr opriate for this task. 

Additionally, we estimated the number of metabolites for
5,000 plant species, a value comparable to the number of species
ocumented in the liter atur e, to e v aluate how our projections
lign with curr entl y av ailable data. For the MS2Mol model, the
redicted number of unique structures approaches 3 million,
hile MS2 clustering yields estimates r anging fr om 1.6 to 2.1 mil-

ion, depending on the similarity thresholds of 0.7 and 0.8, respec-
iv el y. These findings highlight the significant gap between the
r edicted metabolite div ersity and the liter atur e’s curr ent cov er-
 ge, emphasizing how m uc h of the plant c hemical space r emains
nexplored. 

Lastly, we used holdout sets comprising the last 10%, 20%, and
0% of the data to validate our models . T hese sets resulted in mi-
or variations in how well the curves fit the data ( Supplementary
ig. S7 A), magnified when the curves were projected for 400,000
lants ( Supplementary Fig. S7 B). These variations were most pro-
ounced for the CSI:FingerID curves since they flattened out more
uic kl y than the others . T his suggests that as more data become
ublicl y av ailable, these data curves may change and plateau
har pl y. 

In conclusion, our estimates r e v eal that the lo w er bound for
otential plant metabolites is higher than pr e viousl y estimated,
xceeding earlier estimates by a factor of at least 10. Howe v er, the
urr ent datasets constr ain the upper and lo w er bounds and could
 volv e as more public data become a vailable . 

iscussion 

ur work relies on multiple factors that can significantly influ-
nce the resulting estimates; therefore, discussing the most crit-
cal considerations is crucial. Table 1 summarizes the limitations
iscussed in this section. 

First, although we employed one of the lar gest publicl y av ail-
ble datasets, our estimations are based on a metabolomics
ataset that r epr esents less than 1% of all species in the plant
ingdom. While including the liter atur e dataset expanded the
ov er a ge to a ppr oximatel y 10%, onl y a small fr action of those
lants have been studied comprehensively. This limited cover-
 ge intr oduces potential biases, as the plants that have been ex-
ensiv el y studied are not necessarily re presentati ve of the vast
 hemical div ersity pr esent acr oss the entir e plant kingdom. Con-
equentl y, our estimates ar e influenced by the depth and breadth
f current data, highlighting the need for further profiling and ex-
loration to better capture the true extent of plant chemical di-
ersity. These limitations are particularly pronounced when pro-
ecting curves using po w er law models to get estimates for 400,000
lants, as the actual data curves may plateau beyond 1,000 plants,

eading to lo w er estimates. 
Second, our estimations are derived from metabolomics data

btained through specific extraction methods and chromato-
r a phic pr otocols, whic h may not ca ptur e a substantial portion
f the metabolome (discussed later in detail). For instance, the
NPKG data were generated using different extraction techniques
nd c hr omatogr a phy columns, suc h as the BEC C18 nonpolar col-
mn. Employing alternativ e pr otocols could uncov er undetected
etabolites under the current experimental settings. Addition-

ll y, our anal ysis lac ks compr ehensiv e cov er a ge of plant extr acts
rom all anatomical parts—such as roots , stems , and lea ves—
or most species . T his limitation is critical, as metabolite produc-
ion varies significantly between plant parts and is further influ-
nced by environmental conditions (e .g., season, stress , tempera-
ure , humidity) (Fig. 1 D). T hese factors collectiv el y constr ain the
ompr ehensiv eness of our estimations and suggest that the true
iversity of plant metabolites may be even greater than what our
nalyses indicate (Fig. 1 C, D). 

For instance, [ 17 ] estimated that the size of the chemical space
f endophyte-derived secondary metabolites could be in the range
f se v er al billion unique compounds . T hese estimates were de-
ived using assumptions such as ∼90% of secondary metabo-
ite biosynthetic capacity being silent or cryptic, the presence
f a ppr oximatel y 10 host-specific bacterial endophytes per plant
pecies, and hundreds of fungal endophyte species per plant.

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
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Table 1: Summary of the major limitations of our work 

Limitation Summary 
Effect on 
estimates 

Da taset co ver age Estimates are based on a small fraction of plant species, 
leading to potential biases 

Unknown 

Extraction and chromatographic bias Differ ent pr otocols and incomplete anatomical plant 
cov er a ge may omit specific metabolites 

Underestimation 

MS2 Spectrum prediction accuracy Libr ary constr aints and clustering methods may 
ov er estimate or fail to generalize 

Unknown 

Dispar a te solvents used Differ ent solv ents extr act differ ent compounds, causing 
inconsistencies 

Underestimation 

Adducts considered Only [M + H] + adduct was considered Underestimation 
Missed compound classes Polar and moder atel y polar methods miss volatile and lipid 

compounds 
Underestimation 

False positi v es in dataset Annotation errors and contaminants may inflate 
metabolite counts 

Ov er estimation 

Functional genomics potential Genomics tools could dr amaticall y expand estimations but 
r emain under explor ed 

Underestimation 

Projection modeling Po w er law projections may ov er estimate space if actual 
data curves plateau 

Ov er estimation 
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Their a ppr oac h also r elied on r ough a ppr oximations of species- 
to-metabolite ratios. While these estimates are impressive, the 
assumptions may be optimistic since e v ery endophyte species 
is unlikely to produce entirely distinct metabolites, as ov erla p 

and redundancy in biosynthetic pathways are common. Addi- 
tionally, their calculations assume that each endophyte species 
acts independentl y, disr egarding inter actions between micr obes,
plants , and en vironmental factors that ma y influence metabolite 
production. 

The third major factor is the accuracy of the predicted 

structures for each MS2 spectrum. Library-based models like 
CSI:FingerID r el y on a fixed library ( ∼1 million biomolecules),
while gener ativ e models tr ained on mass spectr ometry data 
struggle to generalize beyond the chemical space in their training 
[ 18 ]. To address these limitations and focus solely on the number 
of unique structures in the dataset, we clustered the MS2 spec- 
tra to identify groups corresponding to the same chemical struc- 
ture . T his approach, ho w ever, is sensitive to the spectral entropy 
thr eshold c hosen to define the clusters ( Supplementary Fig. S9 ) 
and may cluster spectra from distinct molecules with similar pat- 
terns, especially if they have few peaks. Additionally, differences 
in the MS/MS acquisition methods—[ 13 ] used a collision energy 
r amp fr om 20 to 100 eV, while [ 14 ] used 3 distinct collision volt- 
age settings (15, 30, and 45 eV)—may lead to overcounting unique 
structures because they may be represented by slightly different 
MS/MS fr a gmentation spectr a. To mitigate these issues and avoid 

ov er estimation, we made our estimations exclusiv el y r el ying on 

the predominant adduct ([M + H] + ) and filtered out spectra with 

fewer than 5 peaks. Howe v er, this likel y under estimates the true 
c hemical div ersity, as other adduct forms, whic h may r epr esent 
unique metabolites, are excluded from consideration. 

The fourth factor is the disparate solvents used for plant ex- 
traction [ 19 ]. The Korean Pharmacopoeia dataset [ 13 ] used a 
methanolic extract. Methanol is a polar solvent and extracts a 
wide range of compound classes (alkaloids , fla vonoids , phenolic 
acids , and tannins). T he second dataset [ 14 ] utilized ethyl acetate 
as the extraction solvent, a moderately polar solvent leading to 
the extraction of sterols , terpenoids , and less tannins . T he dif- 
fer ent solv ents used can explain the differ ences observ ed among 
the 15 extracts of plants in both datasets ( Supplementary Fig. S3 ).
The fifth factor is that the extraction methods above will not cap- 
d  
ur e man y other compound classes and r equir e differ ent mea-
ur ement tec hnologies . T he polar and moder atel y polar extr ac-
ion and the LC-MS–based method ignore numerous other sub- 
tance classes, such as volatile compounds and lipids. For volatile 
rganic compounds (VOCs), gas chromatography coupled to mass 
pectrometry (GC-MS) has to be used. For polar and neutral lipids,
pecialized lipidomic extraction techniques have to be applied. 

The sixth factor relates to false-positive compounds in the 
ataset, such as annotation errors from CSI:FingerID and MS2Mol 

e.g., plasticizers or other contaminants such as pesticides). While 
hey can be consider ed corr ect for sample annotation, they can-
ot be considered plant metabolites [ 20 ]. For example, we have
bserv ed se v er al thousand fluorinated and chlorinated SMILES
tructures in annotations from both models. To confirm the pres-
nce or absence of such compounds, one would need to run addi-
ional analytical tests, which go beyond the scope of this article.
he se v enth factor is a further path that r elies on functional ge-
omics a ppr oac hes by massiv el y incr easing the compound space

or compounds of interest. That can be done by CRISPR/Cas-
ased gene editing and other advanced techniques, including cy- 
oc hr ome P450 transform in plants [ 21 ]. 

In summary, while our study provides a foundational estimate 
f the size of the plant chemical space, significant opportuni-
ies remain for future research to refine and improve these pro-
ections . T he limitations listed in Table 1 highlight the need for
roader datasets and experimental approaches to capture more 
f the plant metabolome space. As more data become available
hrough sources like MetaboLights [ 22 ], Metabolomics Workbench 

 23 ], and GNPS [ 24 ], the curv es can be r egener ated and the esti-
ates adjusted accordingly. 

otential Implications 

n this study, we sought to estimate the size of the chemical
pace of plants by le v er a ging one of the lar gest publicl y av ail-
ble metabolomics and liter atur e datasets. While deriving an ex-
ct number remains infeasible, we employed multiple approaches 
o establish a robust estimate of the potential range of the plant
hemical space under various assumptions. First, we examined 

he known chemical space by analyzing the saturation curve 
eriv ed fr om 124,000 unique c hemical structur es documented

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
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cr oss ov er 30,000 plant species in the liter atur e. Our findings
ighlight that the chemical space exhibits signs of saturation as
dditional species are studied, reflecting most plants’ limited ex-
loration depth. 

Next, we extended our analysis to metabolomics datasets com-
rising over 1,000 plant species. By le v er a ging mass spectr ome-
ry data, we provided a broader perspective on how the chemical
pace expands with increased profiling. Notably, the estimates for
he number of unique structur es acr oss the 1,000 plants analyzed
r e alr eady close to pr e vious estimates of the c hemical space [ 7 ,
 ] and the number of structures documented in the literature.
urthermore, after we modeled growth curves to extrapolate the
ize of the chemical space based on an estimated 400,000 plant
pecies, e v en the most conserv ativ e estimates, using form ula pr e-
iction, r eac hed into the millions. Based on molecular formulas,
e estimated 1.5 million unique compounds, which, while rela-

iv el y r eliable, almost sur el y under estimate the true div ersity. Ad-
itionall y, the differ ent structur e pr ediction and MS2 clustering
 ppr oac hes estimated at least 15 million unique structures. Col-
ectiv el y, these findings suggest that plants’ chemical space could
 ange fr om se v er al million to tens of millions of unique structur es.

ethods 

ollecting publicly available mass spectrometry 

ata from plants 

e identified se v er al of the lar gest datasets publicl y av ailable
hrough the ENPKG, a Knowledge Graph structured in a Re-
our ce Description F r ame work (RDF) to harmonize heter ogeneous
P metabolomic datasets [ 15 ]. Apart from harmonizing several
atasets and allowing query them, ENPKG contains thousands
f associations between LC-MS features and their correspond-
ng metadata, such as their SIRIUS/CSI:FingerID-predicted struc-
ures [ 11 , 25 ], references to the ISDB-LOTUS database [ 26 ], and
 efer ences to their derived extracts . T hese metadata are exter-
ally linked using standard identifiers such as WikiData for ex-
r act species, c hemical class thr ough NPClassifier [ 27 ], and pr e-
icted structur e thr ough SMILES [ 28 ], InChIK eys, and ChEMBL

dentifiers [ 29 ]. Throughout the article, we refer to chemical struc-
ures as plant metabolites interchangeably. The current version
f ENPKG integrates 3 medicinal plant datasets and 3 bacterial
atasets ( Leishmania donovani , Trypanosoma cruzi , and Trypanosoma
rucei rhodesiense ). We restricted our analysis to the 3 medicinal
lant datasets (see details in Table 2 ). 

We queried the ENPKG (accessed on 26 November 2024) via
heir SPARQL endpoint in Gr a phDB [ 32 ] to extr act all LC-MS fea-
ures with the following annotations: (i) an InChIKey; (ii) a SMILES;
iii) NP class , superclass , and pathwa y annotation from NPClassi-
er; (iv) structural annotation from CSI:FingerID and confidence
cor es; (v) pr edicted form ula fr om SIRUS; and (vi) a WikiData
pecies annotation. The SPARQL query used for this extraction is
rovided in Supplementary Text 2 . This resulted in 76,982 unique
 hemical structur es and 831,778 featur es acr oss 1,018 unique
lant species (Fig. 1 A). We would like to note that we used a con-
istent arbitrary ordering of these plants in our analyses, but we
onfirmed that the ordering does not significantly affect the re-
ults ( Supplementary Fig. S10 ). Finally, we downloaded the raw
pectra for these features using MassIVE’s API [ 33 ]. 

The 831,778 features in the dataset correspond to various
dduct types ( Supplementary Table S3 ). To reduce potential re-
undanc y, w e filtered out all features not predicted as [M + H] +
dducts by SIRIUS [ 25 ], resulting in 335,377 features. While this
tep excludes over 50% of the features and disregards negative
ode samples, it significantly reduces the risk of ov er estimating

he projections for the chemical space. Notably, we did not apply
his filtering step to the form ula pr ediction method since it ac-
ounts for adducts. 

We further categorized the predicted structures into known
nd unknown groups based on an arbitrary CSI:FingerID confi-
ence score threshold of 0.5. These confidence scores, generated
sing COSMIC [ 34 ], have been proven to separate correct and in-
orr ect structur es (using the CASMI 2016 dataset). About 75% of
he features from the dataset were classified as unknown (34,808
 hemical structur es), while the r emaining 25% wer e categorized
s known (12,434 chemical structures). The rationale behind this
lassification was to annotate later unknown features (i.e., low
onfidence annotation), which are likely not in the r efer ence li-
rary, using a de novo structured prediction model. Fig. 5 details
he confidence scor es, eac h gr oup’s featur es percenta ge, and MS
recursor mass distribution. Supplementary Figs. S2 and S 3 also
how the distribution of the predicted NP super class and classes
sing CANOPUS [ 35 ]. 

Lastly, we note that the quality of the public datasets used con-
trains the methods described below for estimating the size of
 hemical space. Notabl y, we found that 1.04% of the spectr a in the
NPKG dataset had a dominating peak with more than 90% of the
otal intensity. Suc h spectr a ar e gener all y uninformativ e and may
ot have been accurately classified by predictive models or MS2
lustering methods. To help mitigate this issue , we remo ved any
pectr a fr om the dataset with fewer than 5 peaks befor e cr eating
he data curves. 

arnessing chemical structures reported in 

lants across the scientific liter a ture 

hile the mass spectrometry datasets described in the pr e vious
ection provide a snapshot of the metabolites present in a spe-
ific plant under specific conditions, the LC-MS features identified
or a given plant are far from representing all actual metabolites
resent in the sample. Without going deep into the topic, which

s mentioned later in the Discussion, various technical factors af-
ect the detected chemical space of a giv en sample, suc h as c hr o-

atogr a phy column and extraction method. Furthermore, differ-
nt plant parts will produce distinct metabolites, and the abun-
ance of a metabolite in the mixture can be, in some cases, too

ow to be detected. T hus , we also complement our analysis with 2
f the largest curated datasets comprising metabolites that have
een reported in scientific literature to be in the natural world:
OCONUT 2.0 [ 5 ] and LOTUS [ 6 ] (Fig. 4 A). 

While both datasets comprise multiple sources of information,
iven our goal, we simplified the datasets to the associations be-
ween c hemical structur es and their r eported taxonomic species.
he datasets ca ptur e this information in 2 columns: SMILES and
pecies name. Ho w e v er, giv en that both datasets contain other
axonomic clades a part fr om plants, we assigned all taxonomic
pecies to a unique identifier of the following plant taxonomic
omenclatur es: NCBITaxonomy [ 36 ], Integr ated Taxonomic Infor-
ation System (ITIS), and World Flora Online (WFO). For NCBITax-

nomy, we subset exclusiv el y to all species under the Viridiplan-
ae kingdom (NCBITaxon:33090). 

To avoid the indistinctive assignment of species to different
omenclatures, we established a prioritization order, namely: (i)
CBITaxon, (ii) ITIS, and (iii) WFO. T hus , if a species name is
resent in several nomenclatures, it is exclusively assigned to the

dentifier of the nomenclature with the highest priority. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
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Table 2: Ov ervie w of the 3 medicinal plant datasets in ENPKG. The first column r efer ences the MassIVE ID of the dataset, where the 
metabolite spectra can be found. The second and third columns are the plant library and its original publication. The last 3 columns 
re port the n umber of extr acts in the libr ary, the number of unique structur es (r epr esented by SMILES) pr edicted by CSI:FingerID, and 

the number of features detected. Note that the number of extracts does not correspond to the number of plant species, as the datasets 
could have multiple extracts for 1 species 

MassIVE ID Plant library Reference # Extracts 
# Unique 
structures # Features 

MSV000093464 Korean Pharmacopoeia Plants Extracts [ 13 ] 337 17,428 42,520 
MSV000088521 Waltheria Indica Samples (aerial parts and 

roots) 
[ 30 , 31 ] 1 2,453 4,422 

MSV000087728 Pierr e Fabr e Researc h Institute Libr ary 
(RFRIL) 

[ 14 ] 1,600 65,381 784,836 

Figure 4: (A) Datasets le v er a ged in our work and the corresponding information extracted from them. (B) Methodologies emplo y ed to calculate the 
number of unique chemical structures in the datasets. 
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After a ppl ying this harmonization a ppr oac h, this prioritization 

is reflected in the final distribution of plants ca ptur ed in both 

datasets ( Supplementary Table S4 ). Lastly, we parsed SMILES with 

RDKit [ 37 ] and converted them to InChIKeys (first 14 c har acters) 
while filtering out invalid SMILES. The number of unique struc- 
tures identified was 124,086. 

Predicting formulas and structures from MS2 

data 

We used 3 methods to calculate the unique number of struc- 
tures and generate structure curves from MS2 data (Fig. 4 B). First,
 e also emplo y ed a de novo model, MS2Mol [ 12 ], which can pre-
ict nov el structur es in pr e viousl y unexplor ed r egions of c hemi-
al space. Second, we used a hybrid a ppr oac h combining the con-
dent predictions from CSI:FingerID (i.e., known group) with the 
S2Mol predictions for the remaining spectra. Thir d, w e predicted

he formulas (which can lead to multiple structures) for each fea-
ure to establish a lo w er bound using SIRIUS, a state-of-the-art
orm ula pr ediction model [ 25 ], ac knowledging that eac h form ula
orresponds to multiple possible structures. Note that because we 
o not use a similarity threshold for the MS2Mol model, it may
ro vide an o verestimate of the number of novel structures. While

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
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Figure 5: Summary of the ENPKG dataset. (A) Distribution of the CSI:FingerID confidence scores for the predicted structures across all features with a 
pr edefined thr eshold of 0.5 (dotted r ed line) to classify confidentl y pr edicted (kno wn) and unkno wn featur es. (B) Distribution of confidentl y pr edicted 
(known) and unknown features in the dataset. (C) Distribution of the precursor m/z across all the features stratified by the 2 primary datasets. (D) 
Distribution of the precursor m/z for known and unknown features in the dataset. 
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ntr oducing suc h a thr eshold fr om a tr ained confidence model
ould decrease the number of pr edicted structur es, it could also

ead to an underestimation since some features might not receive
n y pr ediction. We r elied on the form ula curv e for an under esti-
ate and thus allo w ed the MS2Mol curve to potentially overes-

imate the number of predicted structures , pro viding us with a
 aluable r ange of estimates. 

pectral clustering 

s an alternative method for estimating the number of structures,
e implemented MS2 clustering to avoid dependence on predic-

ive models (Fig. 4 B). Using the spectral entropy metric [ 38 ], we
onstructed a similarity matrix for the spectra in our dataset. We
imited comparisons to spectra with precursor m/z within 10 and
00 ppm to minimize false matches, assigning a similarity score
f zero to all other spectral pairs. While the results in this arti-
le are based on a 10-ppm filter, no significant changes were ob-
erved when using a 200-ppm filter. Clustering was performed
y thresholding the similarity scores at 0.5, 0.6, 0.7, 0.8, and 0.9
 Supplementary Fig. S9 ). The article primarily relies on results us-
ng thresholds of 0.7 and 0.8, aligning closely with the 0.75 thresh-
ld reported by [ 38 ] to have a false discovery rate of less than 10%.
inally, we constructed a network with igraph [ 39 ] and identified
lusters based on the connected components. 

rojecting the total chemical space 

ppl ying the pr e viousl y described estimation methods to the pub-
ic ENPKG dataset gave us estimates for the number of plant

etabolites in 1,000 plants. To project the total number of plant
etabolites across all 400,000 plant species, we fitted po w er law
odels ( Supplementary Function 1 ) to the data. We emplo y ed
oldout sets of 30%, 20%, and 10% to validate our predicted curves,
bserving minor variations ( Supplementary Fig. S7 ). 

mplementation 

ll scripts used in this w ork w ere written in Python version 3.10
nd managed using the Poetry environment [ 40 ]. For data manip-
lation, w e emplo y ed widely used libraries such as Pandas [ 41 ],
umPy [ 42 ], and SciPy [ 43 ]. Visualizations were generated using

eaborn [ 44 ] and Matplotlib [ 45 ]. To r epr esent c hemical structur es,
e first employed SMILES that wer e conv erted to InChIKeys us-

ng RDKit [ 37 ]. Notably, we represented chemical structures using
he first block of 14 characters from the InChIKey (out of a total
f 27) to intentionally exclude stereochemistry, since considering
t would significantly inflate estimations. For MS2 data process-
ng, we relied on specialized libraries, including MatchMS [ 46 ]. The
lustering of MS2 data was performed using the igraph library [ 39 ].

vailability of Source Code and 

equirements 

roject name: Chemical Space Estimation 

r oject homepa ge: https:// github.com/ enveda/ chemical-space- 
stimation/ [ 47 ] 
perating system(s): Linux, MacOS, Windows 
r ogr amming langua ge: Python 

icense: GNU General Public License v3.0 
RID:SCR _ 026498 

dditional Files 

upplementary Text 1. Liter atur e r e vie w on estimating the entir e
ize of the chemical space. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf033#supplementary-data
https://github.com/enveda/chemical-space-estimation/
https://scicrunch.org/resolver/RRID:SCR_026498
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Supplementary Text 2. SPARQL Query to extract data from 

ENPKG. 
Supplementary Fig. S1. Cum ulativ e curv e of unique Murc k o scaf- 
folds in the liter atur e dataset. In total, ther e ar e 34,371 unique 
Murc k o scaffolds in the liter atur e datasets. Giv en that ther e ar e 
124,086 unique structur es, ther e is an av er a ge ne w Murc k o scaf- 
fold for e v ery 3.61 novel structures. 
Supplementary Fig. S2. Distribution of unique chemical struc- 
tures in the literature dataset. Most of the plants exclusiv el y con- 
tain a few structures. 
Supplementary Fig. S3. Distribution of precursor masses and 

ov erla p of Murc k o scaffolds predicted with CSI:FingerID for the 15 
plants present in both the Korean Pharmacopoeia dataset [13] and 

the Pierr e Fabr e Researc h Institute Libr ary (1,600 plant extr acts) 
[14] datasets. We observe significant differences in the precursor 
masses distribution between the 2 datasets for the same plant 
and on the predicted Murcko scaffolds. Additionally, for these 15 
plants present in both datasets, the extracts from the 1,600 plant 
extract dataset contain more features than those from the Korean 

Pharmacopoeia dataset. As discussed in the introduction, these 
differ ences ar e pr obabl y due to the differ ent extr action methods 
used, among other factors . T he high-quality v ersion of this figur e 
is present in the GitHub repository, as we could not upload it, re- 
taining the original quality here. 
Supplementary Fig. S4. Evaluating the diversity of ENPKG com- 
pared to a null distribution. The red line represents how many 
orders , families , and genera are in the ENPKG dataset. We com- 
pared these numbers to a null distribution of orders , families , and 

genera in 10,000 random samples of the same size (same num- 
ber of species) as the ENPKG dataset. The bottom line is that 
the ENPKG dataset has a lo w er diversity of orders , families , and 

gener a compar ed to what y ou w ould expect b y chance if y ou 

pic k r andom species fr om the plant kingdom of the same size as 
the ENPKG dataset ( ∼1,000 species). This is because the ENPKG 

dataset focuses on specific genera/families, like the ones from Ko- 
rea, making it less diverse than a completely randomly distributed 

sample. 
Supplementary Fig. S5. Plant chemical space saturation curve of 
ENPKG using Murc k o scaffolds of the pr edicted structur es fr om 

MS2Mol. 
Supplementary Fig. S6. Distribution of Tanimoto similarity be- 
tween the chemical structures predicted with MS2Mol and 

CSI:FingerID . The T animoto similarity is calculated for each pair 
of predicted SMILES for a given MS2 using RDKit fingerprints with 

default parameters . T he a v er a ge Tanimoto coefficient is 0.51, the 
standard deviation is 0.28, the 25th percentile is 0.29, the 50th per- 
centile is 0.45, and the 75th percentile is 0.70. 
Supplementary Fig. S7. Comparison of training ratios for the 
po w er law model. (A) Curves fitted using different training ra- 
tios (0.7, 0.8, 0.9, 1) compar ed to the actual curv e of the pr edicted 

formulas in the approximately 1,000 plants in the metabolomics 
dataset. (B) Projection of the curves fitted in (A) using dif- 
fer ent tr aining r atios on the 400,000 species. Note that while 
the fitting ratio seems similar in the first 1,000 plants, these 
subtle differ ences tr anslate into differ ences of se v er al hundr ed 

thousand unique compounds when extr a polating to all 400,000 
species. 
Supplementary Fig. S8. The projected size of the plant chemical 
space after fitting po w er law models on the different methodolo- 
gies on the metabolomics dataset. (A) This plot is a zoomed-in ver- 
sion of Fig. 4 in the article. We can see how the fitted curves for the 
projections fit the actual curves from the metabolomics datasets.
The different assumptions/nuances across the methods explain 
he differences in the curve shape. (B) When zoomed in to 10,000
lants, we can see that the CSI:FingerID + MS2Mol curve eventu-
ll y cr osses the MS2 Clustering (0.8 thr eshold) curv e as the hybrid
urve plateaus more significantly. This behavior is likely due to
he influence of CSI:FingerID pr edictions, whic h ar e constr ained
y a r efer ence libr ary. 
upplementary Fig. S9. Various spectral entropy thresholds were 
mplo y ed for MS2 clustering, resulting in projections for the num-
er of metabolites in all plant space ranging from 6.8 to 34.8 mil-
ion. For the main results of our article, we use the moderate
stimates. 
upplementary Fig. S10. Shuffling the order of the plants does not
ignificantl y c hange the sha pe of the curv e. Because the curv es in
ig. 3 all have similar shapes, the plant ordering differences will
e similar for the other datasets. Each color r epr esents a curve
ade in a different order. The curves look similar regardless of

he methodology used (e.g., form ulas fr om SIRIUS, MS2Mol pre-
ictions). While minor variations in curve shape caused by shuf-
ing the order may carry over to the pr ojected curv es in Fig. 5 ,
hese differences will not meaningfully impact the range of the
stimates, which is the primary focus of that figure. 
upplementary Table S1. List of adducts used to calculate the
otential precursor m/z mass shifts that are later matched against
he exact masses of reported compounds in the liter atur e for a
iven plant. 
upplementary Table S2. Number of taxonomic clades cov er ed
y the metabolomics datasets. In total, the dataset covers 672
ener a, whic h means, on av er a ge, ther e is a ppr oximatel y 1 new
enus for e v ery 6 species. Similarl y, ther e ar e a total of 181 fami-
ies, whic h corr esponds to a ppr oximatel y 5 species per family. The

ost common family is Fabaceae , which has 77 plants (7.5% of the
otal species). The most common genus is Garcinia , which has 9
lants (0.88% of the total species). 
upplementary Table S3. Distribution of each adduct predicted 

y SIRIUS for all 831,778 features in ENPKG. 
upplementary Table S4. Number of unique plants in the com-
ined liter atur e dataset (COCONUT and LOTUS) after species har-
onization. 

upplementary Function 1. Po w er law model used to project
lant metabolite count curves. 

bbreviations 

ASMI: Critical Assessment of Small Molecule Identification; CO- 
ONUT: COlleCtion of Open Natural prodUcTs; COSMIC: Confi- 
ence Of Small Molecule IdentifiCations; CRISPR: clustered regu- 

arly interspaced short palindromic repeats; ENPKG: Experimental 
atur al Pr oducts Knowledge Gr a ph; GC-MS: gas c hr omatogr a phy
oupled to mass spectrometry; GNPS: Global Natural Products So- 
ial Networking; ITIS: Integrated Taxonomic Information System; 
C-MS: liquid c hr omatogr a phy–mass spectr ometry; MS/MS: tan-
em mass spectrometry; NP: natural product; NMR: nuclear mag- 
etic resonance; RDF: Resource Description Fr ame work; RFRIL: 
ierr e Fabr e Researc h Institute Libr ary; VOC: volatile or ganic com-
ounds; WFO: World Flora Online. 
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