










after every 30 injections. The MS source was cleaned before each of the five
batches running over 5 d.

Molecular Networking and Annotation. We used MS-DIAL (43) for peak de-
tection and assignment of the parent mass to each of the fragmented
spectra of the DIA data. The output of MS-DIAL was implemented in the
Global Natural Products Social (GNPS) to cluster the MS/MS spectra into
compound families based on their cosine similarity and molecular net-
working (24, 44) (SI Appendix, Fig. S3, MS/MS data andmolecular network can
be accessed through GNPS in the webpage: https://gnps.ucsd.edu/ProteoSAFe/
static/gnps-splash.jsp). Each feature was annotated by spectral matching
against an in silico spectral database version of the Dictionary of Natural
Product according to a previously described methodology (45). The Classy-
Fire taxonomy was employed (46) to estimate the consensus classes, or su-
perclasses, of the molecular families. Despite the presence of partially
convoluted spectra (as typically obtained in DIA) and the presence of de-
generate features (adducts, dimers), the clusters of the molecular network
appeared as an efficient proxy to evaluate the chemical diversity of this wide
spectral dataset. Output feature data were combined and averaged per
plant species. To obtain an index of expression for each molecular family per
plant species, we summed the scaled peak height within species and mo-
lecular families. To estimate chemical diversity, we summed the number of
molecular families present in each plant species. Because MS/MS spectra
were clustered by their fragmentation profile, the total number of molec-
ular families reflects the maximal potential functional chemical diversity as
analyzed by the mass spectrometer.

Predictive Model of Chemical Diversity at the Species Level. To explore the
structure of phytochemical diversity across our 416 plant species, we first
estimated the distribution of each molecular family across all plant species.
Additionally, we performed rarefaction curve analyses by, 1) simulating
1,000,000 randomly sampled plant species assemblages covering 2 to 100
plant species (gray area in Fig. 1B), 2) splitting the 416 plant species into
three groups (Low = 400–900 m a.s.l.; Mid = 900–1,600 m a.s.l., High =
1,600–3,000 m a.s.l.) based on the elevation optima of each species, which
was obtained from the calculated SDMs (n = 100,000 species assemblages
per elevational group in Fig. 1B, green lines), and 3) constraining the sam-
pling according to the minimal phylogenetic distance from the initially
randomly sampled plant species (Fig. 1B, dashed red line). To obtain the
phylogenetic relationship of the 416 plant species, we pruned the DaPhnE
0.1 supertree of the European vascular plant species (47). We then predicted
the chemical diversity combining species phylogenetic information and en-
vironmental conditions. We measured the phylogenic signal for phyto-
chemical diversity across species using Pagel’s lambda (phylosig in the
phytools package; ref. 48). A lambda value of 1 indicates phylogenetic
conservatism consistent with the tree topology and a random walk model
(i.e., chemical diversity similarity is directly proportional to the extent of
shared evolutionary history). A lambda value of 0 indicates phylogenetic
independence. To test the escalation of chemical diversity hypothesis (13),
we regressed the number of splitting nodes (distRoot in the adephylo
package; ref. 49) against the chemical diversity of each plant species (SI
Appendix, Fig. S7). From the phylogenetic tree, we computed the pairwise
cophenetic distance for each species and projected it on two dimensions
using multidimensional scaling. These two metrics of phylogenetic similarity
were then used with the number of splitting nodes as phylogenetic vari-
ables. To test for the relationship between species-level chemical differ-
ences, phylogenetic and environmental variables extracted from the species-
distribution models, we calculated a correlation matrix with all pairwise
combinations (SI Appendix, Fig. S8). To explore the predictability of species-
level phytochemical diversity from evolutionary and environmental vari-
ables, we performed a machine learning ensemble model composed of
Random Forest (Ranger packages; ref. 50), recursive partitioning (Rpart
package; ref. 51) and Extreme Gradient Boosting (Xgboost package; ref. 52).
To build the predictive model we first performed variable selection based on
rank importance [vip package (53)]. The variables that ranked in the top 10
in at least two of the three models were retained, i.e., number of nodes,
cophenetic Dimension 1 and 2, NDVI quantile 0.95, soil moisture quantile
0.05, soil pH quantile 0.95, annual temperature average quantile 0.95, solar
radiation median. For all species, we predicted phytochemical diversity from
a model trained recursively on a dataset excluding the target species. The
correlation between the predicted and observed phytochemical diversity
values indicates an ability to forecast phytochemical diversity at the species
level. Finally, we estimated variable importance for the ensemble learning
model (vimp package; ref. 54).

Geographic Mapping of Phytochemical Diversity. We modelized the distribu-
tion of the 6,012 chemical families across the alpine landscape by combining
the 416 species metabolomics dataset and SDMs. First, we mapped the po-
tential distribution of all the 416 plant species at a ∼100-m spatial grid
resolution using SDMs (55) (see SI Appendix for SDM construction). To rep-
resent the probability of a specific molecular family being present in the
landscape (i.e., the environmental conditions corresponding to each spa-
tial grid pixel), we summed the value of expression index related to that
molecular family for all the plant species present in the pixel grid that
produced the molecule. All the data were scaled between 0 and 1 within a
molecular family to allow interfamily comparison. We then extracted the
probability of the presence of molecular families from 20,000 randomly
chosen spatial points, which we related to corresponding environmental
variables. We next coupled this dataset with a machine learning algorithm
(extreme gradient boosting model XGBoost; ref. 56) to build MDMs based
on the environmental variables found to be related to each molecular
family. MDMs were trained on 70% of the data and validated on the
remaining 30% (mean validation accuracy = 0.94). This training process
was also used to compute the importance of each environmental factor
from the 6,012 MDMs. We projected the probability of presence of all the
6,012 molecular families on 20,000 km2 of Switzerland using the produced
MDMs. By stacking the 6,012 projection maps, we estimated an index of
local molecular diversity (sum of potentially present molecular families) at
a scale of 100 m2 resolution and used it for the geographic mapping of
phytochemical diversity. By using the value of the predicted phytochemical
diversity index in the 20,000 randomly chosen locations, we next built an
environmental principal component analysis (PCA) to describe the phyto-
chemical diversity distribution across the multivariate environmental
space.

To validate the MDM approach for predicting phytochemical diversity
across the landscape, we first correlated plant species richness extracted from
the SDMs with the number of unique molecular families (based on field-
collected chemical composition) from 50,000 randomly chosen locations. We
used this dataset to build a predictive model of phytochemical diversity
based on Gradient Boost Model (GBM). Second, we correlated plant species
richness from the SDMs and the MDM-based predictions of phytochemical
diversity from the same locations. Finally, we compared the accuracy of our
MDMs predictions versus the GBM predictions.

To further validate our approach, we calculated plant assemblage-level
phytochemical diversity values for the 48 experimental communities sam-
pled established along the six elevation transects for which metabolomics
data were directly available (SI Appendix, Fig. S9). We assessed the effect of
elevation on community-level plant species richness and phytochemical
richness (separately) using quadratic regression analyses. Next, we extracted
the phytochemical diversity index at each corresponding location of the 48
vegetation plots from the MDM mapping exercise. Finally, we performed
three correlations tests: 1) field-sampled chemical diversity versus field-
sampled plant species richness, 2) field-sampled chemical diversity versus
SDM-based plant species richness, and 3) field-sampled phytochemical di-
versity versus MDM-based chemical diversity.

Distribution of Molecular Families along Elevation. As in integrative ecological
axis, we plotted the probability values of presence for each molecular family
obtained from MDMs along an elevation axis generated with the 20,000
randomly chosen pixels of the spatial grid. We chose to represent the ele-
vation axis due its integrative representation of contrasted environmental
conditions in the Alps (see correlation with PCA axis 1 in Fig. 2A). We used a
locally polynomial quantile regression to estimate changes to the distri-
bution of each molecular family with elevation (lprq in the Quantreg
package (57), probs = 0.95). We then estimated an elevation optimum for
each molecular family by extracting the elevations corresponding to the
highest probability of a molecular family’s presence. Elevation optima
where used to illustrate the environmental specificity of large functional
classes of molecules. Finally, we identified the molecular families ende-
mism related to elevation by filtering the quantile 0.8 of molecular fam-
ilies elevational range for a probability of presence corresponding to 0.5
(SI Appendix, Fig. S13).

Data Availability. Raw data for plant species andmolecular families have been
deposited in Figshare (https://doi.org/10.6084/m9.figshare.13032740).
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