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Abstract
Dryland ecosystems, encompassing arid to semi-arid regions, impose strong cli-
matic and edaphic constraints that profoundly shape plant functional traits and
secondary metabolism. Understanding how environmental factors regulate phy-
tochemical biosynthesis is essential for biodiversity conservation and sustainable
resource management under increasing aridity. Oliveria decumbens Vent., an
endemic medicinal species of the drylands of Fars Province, Iran, provides an
excellent model for exploring the ecological determinants of metabolite variabil-
ity in water-limited habitats. We integrated ecological predictors with machine
learning to model the spatial variation of thymol and carvacrol concentrations
across 59 georeferenced populations of O. decumbens. Three predictive models
—Random Forest (RF), Support Vector Regression (SVR) with a Radial Basis
Function (RBF) kernel (SVR-RBF), and a hybrid ensemble (RF+SVR-RBF)—
were developed and evaluated. Model performance was quantified using root
mean squared error (RMSE), mean absolute error (MAE), coefficient of deter-
mination (R2), and the concordance correlation coefficient (CCC). Generalized
Linear Model (GLM) was applied to identify key environmental variables regu-
lating metabolite biosynthesis. The hybrid ensemble consistently outperformed
individual model, achieving the highest predictive accuracy (R2=0.82 for thymol
and R2=0.80 for carvacrol). Spatial mapping revealed pronounced heterogene-
ity in metabolite distribution, with distinct functional hotspots in the northern
and western semi-arid regions of Fars Province. GLM analysis indicated that
mean annual temperature, slope aspect, slope degree, and sand content were
strong positive predictors of thymol and carvacrol accumulation, whereas high
soil potassium, clay percentage, and alkaline pH constrained metabolite produc-
tion. This study shows that hybrid ensemble modeling effectively captures how
environmental gradients regulate secondary metabolism in dryland plants. The
proposed framework, combining RF with SVR-RBF, is transferable across arid
environments. These findings support trait-based ecological predictions and of-
fer practical insights for conservation and sustainable cultivation of high-value
medicinal plants in water-limited ecosystems.
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Abstract: Dryland ecosystems, encompassing arid to semi-arid regions, impose
strong climatic and edaphic constraints that profoundly shape plant functional
traits and secondary metabolism. Understanding how environmental factors reg-
ulate phytochemical biosynthesis is essential for biodiversity conservation and
sustainable resource management under increasing aridity. Oliveria decumbens
Vent., an endemic medicinal species of the drylands of Fars Province, Iran, pro-
vides an excellent model for exploring the ecological determinants of metabolite
variability in water-limited habitats. We integrated ecological predictors with
machine learning to model the spatial variation of thymol and carvacrol concen-
trations across 59 georeferenced populations of O. decumbens. Three predictive
models—Random Forest (RF), Support Vector Regression (SVR) with a Radial
Basis Function (RBF) kernel (SVR-RBF), and a hybrid ensemble (RF+SVR-
RBF)—were developed and evaluated. Model performance was quantified using
root mean squared error (RMSE), mean absolute error (MAE), coefficient of
determination (R2), and the concordance correlation coefficient (CCC). Gener-
alized Linear Model (GLM) was applied to identify key environmental variables
regulating metabolite biosynthesis. The hybrid ensemble consistently outper-
formed individual model, achieving the highest predictive accuracy (R2=0.82
for thymol and R2=0.80 for carvacrol). Spatial mapping revealed pronounced
heterogeneity in metabolite distribution, with distinct functional hotspots in
the northern and western semi-arid regions of Fars Province. GLM analy-
sis indicated that mean annual temperature, slope aspect, slope degree, and
sand content were strong positive predictors of thymol and carvacrol accumula-
tion, whereas high soil potassium, clay percentage, and alkaline pH constrained
metabolite production. This study shows that hybrid ensemble modeling effec-
tively captures how environmental gradients regulate secondary metabolism in
dryland plants. The proposed framework, combining RF with SVR-RBF, is
transferable across arid environments. These findings support trait-based eco-
logical predictions and offer practical insights for conservation and sustainable
cultivation of high-value medicinal plants in water-limited ecosystems.
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1 Introduction
Medicinal and aromatic plants are integral components of terrestrial ecosystems,
contributing to both ecological functioning and human well-being (Srivastava,
2018; Balkrishna et al., 2024). Their bioactive compounds mediate key ecolog-
ical interactions, including defense against herbivores, attraction of pollinators,
and adaptation to abiotic stress, while simultaneously providing therapeutic and
economic value through their pharmacological properties (Park et al., 2025). Ap-
proximately 80.00% of the global population still depends on plant-based reme-
dies for primary healthcare, highlighting the dual ecological and socio-economic
significance of medicinal and aromatic plants (Majeed, 2017). However, increas-
ing anthropogenic pressures, including overharvesting and habitat degradation,
threaten their natural populations. This fact underscores the need for inte-
grative approaches that link ecological understanding with conservation and
sustainable cultivation strategies.

Dryland ecosystems, encompassing arid, semi-arid, dry, and sub-humid regions,
represent critical reservoirs of medicinal and aromatic plants diversity (Rout et
al., 2023). These landscapes are characterized by limited and unpredictable pre-
cipitation, intense evapotranspiration, and edaphic heterogeneity, all of which
shape the adaptive and metabolic responses of plants (Forti et al., 2006). Sec-
ondary metabolites, particularly phenolic monoterpenes, play pivotal roles in
mediating tolerance to these extreme conditions by protecting plants against
oxidative stress, desiccation, and temperature fluctuations (Vilela et al., 2011).
Understanding how environmental gradients regulate the biosynthesis and spa-
tial variability of these compounds is essential for elucidating plant adapta-
tion mechanisms and for developing sustainable resource management in water-
limited ecosystems.

Oliveria decumbens Vent., an endemic annual herb of the Apiaceae family, pro-
vides an ideal model for such investigations. Native to the mountainous and
semi-arid regions of Iran, this species is highly valued for its essential oils rich
in thymol and carvacrol, compounds known for their antimicrobial, antioxidant,
and anti-inflammatory properties (Boveiri Dehsheikh et al., 2024). Variability
in the concentration of these metabolites is thought to reflect adaptive responses
to climatic and edaphic gradients, yet the ecological mechanisms underlying this
variation remain poorly understood (Esmaeili et al., 2018; Karami et al., 2020).
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Linking metabolite production to environmental drivers offers an opportunity to
clarify how semi-arid ecosystems shape plant chemical diversity and functional
traits.

Recent advances in machine learning have opened new avenues for modeling
complex ecological systems and trait–environment relationships (Hesami and
Jones, 2020; Rather et al., 2020). Algorithms such as Random Forest (RF),
Support Vector Regression (SVR), and Gradient Boosting Machines (GBM)
have been widely applied to predict species distributions, habitat suitability,
and trait variability (Catucci and Scardi, 2020; Dastres et al., 2023, 2025a).
Hybrid ensemble frameworks that integrate the predictive strengths of multiple
algorithms have demonstrated superior accuracy and stability, particularly in
heterogeneous environmental settings (Dastres et al., 2025c).

The application of RF and SVR models, individually or in combination, has
been increasingly documented across diverse plant species and ecological con-
texts. For instance, RF and SVR with Radial Basis Function (RBF) kernel
(SVR-RBF) have been successfully employed to estimate chlorophyll content
in winter wheat, with the RF+SVR hybrid demonstrating superior predictive
performance for variety screening under late-sowing conditions (Wang et al.,
2021). In medicinal plant research, machine learning approaches including RF
and SVR have been integrated with species distribution models to evaluate habi-
tat suitability and predict bioactive component accumulation in Cynomorium
songaricum Rupr., identifying key environmental regulators such as precipita-
tion, temperature, and soil properties (Ji et al., 2025). Similarly, recent work
on Bletilla striata (Thunb. ex A. Murray) Rchb. f. has combined ensemble
learning frameworks with phytochemical profiling to delineate high-quality cul-
tivation zones, demonstrating the utility of such approaches for conservation
and sustainable utilization of medicinal species (Mu et al.,

2025). In agronomic systems, stacking ensemble learning incorporating RF and
SVR has been successfully applied to predict rapeseed flowering periods, achiev-
ing substantial improvements in accuracy over single model through the integra-
tion of meteorological variables and virtual sample generation techniques (Xie
et al., 2024). Furthermore, ensemble modeling frameworks have demonstrated
robust performance in species distribution modeling for invasive species man-
agement, with RF and SVM consistently outperforming traditional regression
approaches in predicting habitat suitability across arid and semi-arid ecosystems
(Ahmed et al., 2021).

These methods provide a robust computational basis for translating environ-
mental data into biological insights, thereby enhancing the predictive under-
standing of plant responses to environmental stress (Singhal et al., 2025; Spake
et al., 2025). The growing evidence across medicinal plants, crops, and native
species underscores the versatility and transferability of RF, SVR-RBF, and
hybrid ensemble approaches—precisely the methodological framework adopted
in the present study on O. decumbens.
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In this study, we combined spatially explicit phytochemical profiling with hy-
brid machine learning modeling to investigate the ecological regulation of thymol
and carvacrol biosynthesis in O. decumbens across the semi-arid regions of Fars
Province, Iran. A total of 18 environmental variables encompassing climatic,
topographic, and edaphic factors were analyzed. We implemented RF, SVR-
RBF, and a hybrid RF+SVR-RBF model to predict the spatial distribution
of metabolite concentrations, while Generalized Linear Model (GLM) was em-
ployed to identify the most influential environmental determinants. The specific
aims of this research were to: (1) quantify the relative contributions of climatic,
edaphic, and topographic factors to thymol and carvacrol concentrations in O.
decumbens and identify the most influential predictors using GLM analysis; (2)
develop and compare predictive models (RF, SVR-RBF, and RF+SVR-RBF)
for metabolite distribution under semi-arid conditions; (3) evaluate model per-
formance across multiple statistical criteria to ensure ecological reliability; and
(4) predict spatial distribution to guide conservation and sustainable cultivation
of O. decumbens and related medicinal species in dryland ecosystems.

2 Materials and methods
2.1 Study area

The study was conducted in Fars Province, southwestern Iran, located between
27°–32°N and 50°–56°E (Fig. 1). The region lies at the intersection of the Zagros
mountainous ranges and extensive plains, forming a heterogeneous landscape,
where semi-arid to dry sub-humid climates predominate. The mean annual pre-
cipitation ranges from 150 to 350 mm and is highly variable, while the mean
annual temperature varies between 18°C and 24°C, with high summer temper-
atures and elevated evapotranspiration rates imposing strong water limitation
characteristic of dryland ecosystems (Hassanpouraghdam et al., 2022). These
conditions, together with diverse topographic gradients, create strong ecologi-
cal heterogeneity, ranging from relatively mesic mountain zones to expansive
semi-arid plains and arid basins (Ibrahimi et al., 2024).

Fars Province supports a rich diversity of medicinal and aromatic plants that are
adapted to water-limited conditions. Among them, O. decumbens is an endemic
annual herb of the Apiaceae family that thrives across semi-arid habitats of
the province. Its restricted distribution and strong dependence on climatic and
edaphic gradients make it an ideal model for investigating how environmental
drivers of drylands regulate secondary metabolite production. The combination
of pronounced aridity, topographic variability, and soil heterogeneity renders
Fars Province an ecologically significant region for exploring trait–environment
interactions in dryland ecosystems (Azizi et al., 2022).

2.2 Modeling methodology

A comprehensive dataset of environmental variables and measured concentra-
tions of thymol and carvacrol in O. decumbens was collected across different
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Fig. 1. Oliveria decumbens Vent. distribution in Fars Province, Iran

Figure 1: Fig. 1. Oliveria decumbens Vent. distribution in Fars Province, Iran

Fig. 2 Flowchart illustrating the modeling process

Figure 2: Fig. 2 Flowchart illustrating the modeling process

regions of Fars Province. The

Fig. 1 Oliveria decumbens Vent. distribution in Fars Province, Iran

environmental predictors included topographic factors (elevation, slope aspect,
slope degree, plan curvature, and profile curvature), hydrological variables (dis-
tance from rivers and distance from roads), climatic parameters (mean annual
precipitation and mean annual temperature), and soil characteristics (clay, sand,
silt, nitrogen, organic matter, potassium, phosphorus, pH, and electrical con-
ductivity). To avoid redundancy and multi-collinearity, we preprocessed predic-
tors using the variance inflation factor (VIF), ensuring suitability for regression-
based machine learning models.

Three modeling approaches including RF, SVR-RBF, and hybrid RF+SVR-
RBF model, were implemented to predict the continuous concentrations of thy-
mol and carvacrol. In addition, a GLM with a Gaussian distribution and an
identity link function was applied to assess the relative importance of environ-
mental factors influencing metabolite concentrations.

Model training and validation followed a repeated nested 5-fold cross-validation
framework to ensure robust generalization. Predictive performance was eval-
uated using root mean squared error (RMSE), mean absolute error (MAE),
coefficient of determination (𝑅2), and the concordance correlation coefficient
(CCC), offering a comprehensive assessment of both accuracy and agreement
between observed and predicted concentrations (Fig. 2).

2.3 Essential oil extraction and analysis
In this study, O. decumbens samples were collected at the full flowering phe-
nological stage during June 2024 from 59 georeferenced locations across Fars
Province, Iran. The plant samples were botanically identified by the expert
and a voucher specimen has been deposited at the Medicinal Plants and Drugs
Research Institute Herbarium of Shahid Beheshti University under the acces-
sion number of MPH-3079. We performed essential oil extraction according to
the British Pharmacopoeia (BP) standard extraction method using hydrodistil-
lation with a Clevenger-type apparatus (hydrodistillation system according to
BP method). For this purpose, the hydrodistillation was applied for essential oil
extraction from 20 g of dried and chopped flowers, using Clevenger-type device
for 3 h. The obtained essential oils were injected into gas chromatography for
analysis.
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Fig. 2 Flowchart illustrating the modeling process. GC, gas chromatography;
GC-MS, gas chromatography-mass spectrometry; VIF, variance inflation factor;
GLM, Generalized Linear Model; RMSE, root mean square error; MAE, mean
absolute error; CCC, concordance correlation coefficient; RF, Random Forest;
SVR-RBF, Support Vector Regression with Radial Basis Function kernel; EC,
electrical conductivity; K, potassium; N, nitrogen; P, phosphorus; OM, organic
matter.

The gas chromatography-mass spectrometry (GC-MS) analysis was conducted
utilizing a Thermo Finnigan gas chromatograph equipped with a flame
ionization detector (FID) featuring a fused silica capillary (5.00%-phenyl)-
methylpolysiloxane (HP-5MS) column with dimensions of 60 m in length, 0.25
mm in inner diameter, and a film thickness of 0.25 𝜇m. The instrument was
coupled with a trace and quadrupole mass spectrometer operating in electron
ionization mode at 70 electron volts. Helium was the carrier gas, and the
ionization voltage was set at 70 electron volts. The ion source and interface
temperatures were maintained at 200°C and 250°C, respectively. The mass
spectrometer operated within a mass range spanning from 40 to 460 atomic
mass units. The identification of essential oil constituents was conducted
by determining their retention indices through temperature-programmed
analysis with normal alkanes (C6–C24) and comparing them with the oil on
a DB-5 column using identical chromatographic conditions. The compounds
were identified by comparing their mass spectra with those in an internal
reference mass spectra library by comparison with the essential oil mass
database (https://essentialoilexperts.com/essential-oil-database/) and Wiley
Science Solution (https://sciencesolutions.wiley.com/mass-spectral-databases/)
libraries or with verified standards. Confirmation of identification was achieved
by comparing retention indices with those of authenticated compounds or
references in the literature. Quantification of the compounds was performed
by determining relative area percentages from flame ionization detector signals,
without the application of correction factors (Adams, 2017).

2.4 Environmental factors
A 30-m spatial-resolution digital elevation model (DEM), derived from Ad-
vanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) on-
board National Aeronautics and Space Administration’s (NASA’s) Terra satel-
lite imagery, served as the foundational dataset for topographic analysis (Saha
and Agrawal, 2020). This DEM was meticulously processed to extract critical
terrain attributes, including elevation, slope degree, slope aspect, plan curva-
ture, and profile curvature (Fig. 3a–e). The high spatial resolution of the DEM
ensured the accuracy and detail of these derived parameters, providing a robust
basis for subsequent geospatial analyses and modeling.

endeavors. The DEM was geo-referenced to match the coordinate system used
in the study area, and any anomalies or errors were corrected using standard
preprocessing techniques.
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The slope degree was calculated by applying a slope algorithm to each pixel in
the DEM, utilizing the first derivative of elevation data. Plan curvature was
derived from the second derivative of elevation data, indicating the curvature
of the terrain surface in the horizontal plane (Amatulli et al., 2018). Profile
curvature was extracted by assessing the second derivative of elevation data in
the direction of the maximum slope (Amatulli et al., 2018). The slope aspect
was determined by computing the compass direction of the hill for each pixel,
aiding in understanding the orientation of the terrain (Capitani et al., 2013).
Elevation values were directly obtained from the DEM (Li, 2018). The ex-
tracted parameters were validated against known control points and other high-
resolution datasets, such as Global Positioning System (GPS)/leveling ground
control points, to ensure their accuracy (Das et al., 2016).

We collected soil samples from 59 locations across Fars Province based on the
presence of O. decumbens. Soil samples were collected from the 0–30 cm depth
interval. This depth was selected because O. decumbens is an annual herb with
a shallow fibrous root system concentrated in the upper soil horizon, as docu-
mented in the botanical description of the species (Mousavi et al., 2023). The
0–30 cm depth represents the primary zone of nutrient and water uptake for
this plant and is the standard sampling depth for assessing edaphic factors in-
fluencing secondary metabolite accumulation in herbaceous medicinal species.
The physical properties of the soil, specifically the proportions of sand, silt,
and clay, were analyzed using the hydrometer method (Mwendwa, 2022). Soil
pH was determined by mixing samples with distilled water in a 1:1 ratio and
measuring with a pH meter (Regasa et al., 2024). Electrical conductivity (EC)
was assessed by mixing soil with distilled water in a 1:2 ratio and measuring
the conductivity with an EC meter (Khan et al., 2023). Organic matter (OM)
content was quantified via the Walkley-Black Wet Digestion Method using spec-
trophotometer, involving the oxidation of soil organic carbon with potassium
dichromate and sulfuric acid (de Santana et al., 2019). Nitrogen (N) content
was determined using the Kjeldahl method, where soil samples are digested
with sulfuric acid to convert organic N to ammonium sulfate (Wang and Cai,
2024). Phosphorus (P) was measured using the Olsen method, extracting it
with a sodium bicarbonate solution and measuring it colorimetrically (Li et al.,
2025). Potassium (K) was extracted using ammonium acetate and measured
with a flame photometer (Selassie et al., 2020). Following analysis at the Soil
Science Laboratory of Shiraz University, data on clay, silt, sand, K, P, OM, N,
EC, and pH were used to create raster maps with a 30-m resolution through
the inverse distance weighting algorithm using Geographic Information System
(GIS) software (ArcMap) (Fig. 3f–n) (Dastres et al., 2022).

Mean annual temperature and mean annual precipitation data were obtained
from 24 synoptic weather stations distributed across Fars Province. Data span-
ning the most recent 5-a period (2020–2024) were utilized to calculate mean val-
ues. The inverse distance weighting algorithm was applied to convert the mean
annual temperature and mean annual precipitation data into 30-m-resolution
raster maps (Fig. 3o and p) (Dastres et al., 2025d), effectively creating contin-
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uous raster surfaces from discrete point data.

A 1:25,000 scale topographic map of Fars Province was used to extract infor-
mation on the terrain and hydrography of the region (Chu et al., 2019). Using
GIS software, the Euclidean distance algorithm was employed to generate raster
maps that indicate the distances from rivers and roads (Fig. 3q and r). The
Euclidean distance algorithm calculates the straight-line distance from each cell
in the raster to the nearest river or road, thus creating a continuous surface
that represents proximity to river or road networks throughout Fars Province
(AlHamaydeh et al., 2021).

2.5 Evaluation of factors with VIF collinearity test
To assess multi-collinearity among independent variables, we employed the tol-
erance (TOL) and VIF collinearity tests. These measures are essential in regres-
sion analysis for detecting multi-collinearity. The TOL index, defined as 1−𝑅2,
measures the variance explained by other

predictors, with values below 0.1 indicating significant multi-collinearity (Cheng
et al., 2022). VIF, calculated as 1/TOL, indicates how much a regression co-
efficient’s variance is inflated due to multi-collinearity, with values above 5
suggesting high multi-collinearity. SPSS v.25.0 software was used to compute
the TOL and VIF values.

2.6 Machine learning algorithms
To predict continuous concentrations of secondary metabolites (thymol and car-
vacrol), we employed two base learners, i.e., RF regression and SVR-RBF kernel,
and a hybrid ensemble combining their predictions.

2.6.1 RF

RF regression is an ensemble method that fits multiple decision trees on boot-
strap samples of the data and averages their predictions to generate continuous
outputs (Liu et al., 2024). At each split, a random subset of predictor variables
is considered, which reduces correlation among trees and enhances generaliza-
tion. RF is robust against multi-collinearity, noise, and outliers, common in
metabolomics datasets (Shahjaman et al., 2021). In this study,“ntree”value in
RF regression was set between 500 and 1000, and “mtry”value was set to the
square root of the total number of features.

2.6.2 SVR-RBF kernel

SVR identifies a function approximating the relationship between input vari-
ables and continuous responses within a margin of error (Keshtegar and Yaseen,
2022). The RBF kernel allows the model to capture complex nonlinear patterns
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between metabolite concentrations and predictor features. The penalty param-
eter and kernel coefficient were optimized via nested cross-validation to prevent
overfitting and ensure robust generalization (Chen et al., 2022).

2.6.3 Hybrid model

The hybrid ensemble leverages complementary strengths of the two base learn-
ers: RF reduces prediction variance via tree aggregation, while SVR captures
non-linear relationships. Predictions from both models were combined using
weighted soft averaging, with weights determined according to cross-validated
performance metrics (He et al., 2023). This approach enhances overall pre-
diction accuracy and stability, especially for metabolites exhibiting complex
concentration patterns.

2.7 Modeling framework
Because the target variables (thymol and carvacrol) were measured as contin-
uous percentages, prediction was treated as a regression problem rather than
classification. Two base learners, including RF and SVR-RBF kernel, were im-
plemented and integrated through a weighted soft-averaging ensemble to lever-
age complementary bias–variance characteristics (Yoon and Kang, 2023). Sen-
sitivity analyses were additionally conducted using a stacking meta-learner to
evaluate model robustness.

Given that the response variables were bounded between 0.00% and 100.00%,
all concentrations were first rescaled to the [0, 1] interval. To handle boundary
values (concentrations close to 0.00% or 100.00%), we applied a small offset
prior to transformation following the empirical logit approach recommended for
proportional data with extreme values (Warton and Hui, 2011). Specifically, for
observed proportion (𝑝), adjusted value 𝑝′ was calculated as follows:

𝑝′ = (𝑝 × (𝑛 − 1) + 0.5)/𝑛, (1)

where 𝑛 is the sample size (𝑛 = 59). This adjustment ensures that values of
0 and 1 are mapped to non-extreme logit values while preserving the original
data distribution. The 𝑝′ was then transformed to the logit scale:

logit(𝑝) = ln(𝑝/(1 − 𝑝)). (2)

This transformation linearizes the bounded response and stabilizes variance,
making the data suitable for regression modeling. After model prediction on
the logit scale, values were back-transformed to the original percentage scale for
reporting using the inverse logit transformation:

Fig. 3 Classified raster map depicting 18 environmental influencing factors. (a),
elevation; (b), slope degree; (c), slope aspect; (d), plan curvature; (e), profile
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Fig. 3. Classified raster map depicting 18 environmental influencing factors.

Figure 3: Fig. 3. Classified raster map depicting 18 environmental influencing
factors.

curvature; (f), EC (electrical conductivity); (g), pH; (h), K (potassium); (i), N
(nitrogen); (j), OM (organic matter); (k), P (phosphorus); (l), clay; (m), sand;
(n), silt; (o), mean annual precipitation; (p), mean annual temperature; (q),
distance from rivers; (r), distance from roads.

P_pred = exp(logit_pred)/(1 + exp(logit_pred)), (3)

where P_pred is the predicted probability; and logit_pred is the linear logit
output. P_pred was derived from the logit_pred using the standard logistic
transformation (sigmoid function), ensuring that the predicted values range
between 0 and 1.

All analyses were conducted in R v.4.3.2 software (R Core Team, 2023) using the
CRAN packages for RF regression (https://cran.r-project.org/package=randomForest),
e1071 for SVR (https://cran.r-project.org/package=e1071), and caretEnsemble
for model ensembling (https://cran.r-project.org/package=caretEnsemble).

Given the limited sample size (n=59), we applied nested repeated k-fold cross-
validation for both hyperparameter tuning and model performance estimation.
Each iteration used 10 folds with 10 repetitions to ensure that every observa-
tion contributed to both model training and out-of-fold validation, reducing
optimism and variance in predictive estimates (Coley et al., 2023).

2.8 Model evaluation, uncertainty, and statistical compar-
ison
Model performance was evaluated using four complementary metrics: RMSE,
MAE, 𝑅2, and CCC. These metrics jointly capture the magnitude, directional-
ity, and overall agreement between predicted and observed metabolite concentra-
tions (Karim et al., 2024). The CCC was specifically included as an evaluation
metric because it assesses both precision and accuracy simultaneously. Unlike
𝑅2, which only measures the proportion of variance explained by the model and
is sensitive to the range of data, CCC evaluates the degree to which pairs of pre-
dicted and observed values fall on the 45° line through the origin (Elshaboury
and Elmousalami, 2025).

To quantify uncertainty, we summarized each performance metric using bias-
corrected 95.00% confidence intervals obtained by bootstrapping over cross-
validation folds (Pintar et al., 2023). This resampling approach provides a
robust estimate of precision and accounts for variability arising from both sam-
pling and model stochasticity.
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For the weighted soft-averaging ensemble, we determined optimal weights based
on cross-validation performance using a grid search optimization approach.
Specifically, weights of RF (w_RF) and SVR-RBF kernel (w_SVR) were
assigned to the predictions of these two models, respectively, satisfying the
constraint w_RF+w_SVR=1. The weight combination that minimized the
RMSE across cross-validation folds was selected as optimal. A systematic
search was performed over the interval [0.00, 1.00] with increments of 0.05,
evaluating ensemble performance for each weight combination. The final
ensemble prediction (Pre_ensemble) for each observation was calculated as
follows:

Preensemble = w_RF × Pre_RF + w_SVR × Pre_SVR. (4)

where Pre_RF and Pre_SVR are the predicted values of FR and SVR, respec-
tively. This approach ensures that the model with superior predictive accuracy
receives proportionally higher weight in the final ensemble, while maintaining
the complementary bias-variance characteristics of both algorithms. The opti-
mal weights were determined separately for thymol and carvacrol predictions,
as model performance varied slightly between the two metabolites.

To assess whether observed differences among models were statistically signif-
icant, we performed a non-parametric Friedman test on the average ranks of
RMSE and MAE across repeated folds, followed by a Nemenyi post-hoc (Criti-
cal Difference; CD) test for pairwise comparisons. These tests are appropriate
for comparing multiple algorithms over repeated resampling procedures without
assuming normality or homoscedasticity.

Model ranks were computed per iteration, with lower ranks corresponding to
better performance. When the Friedman test detected a significant overall dif-
ference (𝛼=0.05), the Nemenyi test was used to identify which pairs of models
differed significantly. The results were visualized using CD diagrams, providing
an intuitive representation of statistical separations in model accuracy.

All statistical analyses were performed in R v.4.3.2 software using the CRAN
packages PMCMRplus (https://cran.r-project.org/package=PMCMRplus) and
scmamp (https://cran.r-project.org/package=scmamp). The complete work-
flow in R v.4.3.2 software, including scripts for cross-

validation and significance testing, is publicly available at the website of
https://github.com/dastres-lab/hybrid-metabolite-modeling.

2.9 GLM for factor importance
To assess the contribution of predictor variables to the concentrations of thymol
and carvacrol in O. decumbens, we employed GLM. GLM extends traditional
linear regression by allowing flexible assumptions about the response variable,
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Fig. 4. Medicinal plant O. decumbens (a) and chemical structure of its main
compounds, including thymol and carvacrol (b)

Figure 4: Fig. 4. Medicinal plant O. decumbens (a) and chemical structure of
its main compounds, including thymol and carvacrol (b)

accommodating potential deviations from constant variance or normality in
metabolite data (McCoy et al., 2023).

Given the continuous nature of the target variables, we applied a Gaussian dis-
tribution with an identity link function. This setup is mathematically equivalent
to standard linear regression but provides a formal GLM framework for statisti-
cal inference. The model was implemented in R v.4.3.2 software using the glm
package (https://cran.r-project.org/web/packages/glm.predict/index.html).

Maximum likelihood estimation was used to estimate model parameters. The
significance of each predictor was assessed to identify which factor most strongly
influence thymol and carvacrol concentrations. Variables with statistically sig-
nificant effects were interpreted as the main drivers of metabolite variation in
O. decumbens. This GLM-based analysis served as an independent evaluation
of variable importance, complementing the machine learning models (RF, SVR,
and hybrid of RF and SVR) and providing a conventional statistical perspective
on the relationship between predictors and metabolite levels.

3 Results
3.1 Essential oil compositions
The essential oil analysis led to the identification of 23 chemical components.
Among these, thymol and carvacrol were identified as the principal bioactive
compounds. The concentration of thymol ranged from 20.10% to 38.80%, while
carvacrol varied from 18.70% to 51.90% across the samples. These variations
reflect the environmental heterogeneity and adaptive responses of O. decumbens
populations in different ecological zones. The chemical structures of thymol and
carvacrol are illustrated in Figure 4.

Fig. 4 Medicinal plant O. decumbens (a) and chemical structure of its main
compounds, including thymol and carvacrol (b)

3.2 Assessment of environmental factors
The results of the multi-collinearity analysis are summarized in Table 1. None
of the 18 environmental variables exceeded commonly accepted thresholds for
the VIF or TOL values, indicating the absence of problematic multi-collinearity.
This step was conducted to ensure that the predictive modeling process would
not be adversely affected by redundant or highly correlated input variables.
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Although RF is generally robust to multi-collinearity, removing highly collinear
variables can improve the interpretability of variable importance rankings.

Table 1 Collinearity test of independent variables

Variable TOL VIF Variable TOL VIF
Slope aspect 0.67 1.49 EC 0.59 1.78
Slope degree 0.76 1.12 N 0.33 3.74
Elevation 0.56 2.02 K 0.48 3.01
Profile curvature 0.97 1.02 P 0.21 4.78
Plan curvature 0.89 1.09 OM 0.26 3.92
Silt 0.28 4.05 Mean annual temperature 0.29 4.12
Sand 0.37 3.56 Mean annual precipitation 0.32 4.01
Clay 0.45 3.09 Distance from roads 0.43 3.19
pH 0.29 4.01 Distance from rivers 0.52 2.87

Note: EC, electrical conductivity; N, nitrogen; P, phosphorus; K, potassium;
OM, organic matter; TOL, tolerance; VIF, variance inflation factor.

3.3 Spatial patterns in habitat suitability
To evaluate habitat suitability for O. decumbens with respect to thymol and
carvacrol biosynthesis, we applied three machine learning approaches: RF, SVR-
RBF, and the hybrid RF+SVR-RBF. The continuous outputs of these models
were reclassified into four suitability categories—low, moderate, high, and very
high—using the Jenks Natural Breaks optimization method. This approach min-
imizes within-class variance and maximizes between-class heterogeneity, thus
providing an objective and ecologically meaningful framework for visualizing
suitability patterns. Classification thresholds were independently determined
for each model output to ensure consistency in interpretation while retaining
the distinct spatial characteristics inherent to different algorithms.

At the landscape scale, the highest suitability zones for thymol and carvacrol
production were predominantly concentrated in the northern, northwestern, and
—though to a lesser extent—the western and southern parts of the study area.
In contrast, the central and eastern parts of Fars Province were largely unsuit-
able, reflecting suboptimal environmental conditions for secondary metabolite
accumulation (Fig. 5a–f).

The performance of the three algorithms revealed distinct spatial patterns in pre-
dicting habitat suitability for thymol and carvacrol. The hybrid RF+SVR-RBF
model consistently provided the most balanced and spatially explicit predictions.
For thymol, this model classified 22.24% of the study area (8947.78 km2) as very
high suitability and 31.19% (12,551.09 km2) as low suitability, with moderate
and high classes accounting for 29.96% (12,055.18 km2) and 16.62% (6687.24
km2), respectively (Fig. 6a; Table 2).

chinarxiv.org/items/chinaxiv-202608.00019 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00019


Fig. 5. Spatial prediction of thymol (a–c) and carvacrol (d–f) contents in O.
decumbens using RF, SVR-RBF, and hybrid RF+SVR-RBF models based on

current environmental conditions

Figure 5: Fig. 5. Spatial prediction of thymol (a–c) and carvacrol (d–f) contents
in O. decumbens using RF, SVR-RBF, and hybrid RF+SVR-RBF models based
on current environmental conditions

The RF model produced a more evenly distributed classification, with 24.03%
(9668.88 km2) in the very high and 29.42% (11,837.64 km2) in the low category
(Fig. 6a; Table 2). In contrast, SVR-RBF displayed a tendency to overestimate
unsuitable or marginal zones, assigning more than half of the study area (52.19%;
21,001.44 km2) to the low class, while reducing the high and very high categories
to 10.66% (4288.34 km2) and 20.69% (8327.37 km2), respectively (Fig. 6a; Table
2).

For carvacrol, the hybrid model again demonstrated superior spatial differentia-
tion, allocating 20.00% of the study area (8047.96 km2) to very high suitability
and 15.23% (6128.43 km2) to high suitability. Low and moderate classes com-
prised 38.36% (15,438.29 km2) and 26.41% (10,626.60 km2), respectively (Fig.
6b; Table 2). The RF model predicted a relatively even spread across classes,
with 20.70% (8330.73 km2) of the area in the very high and 30.40% (12,232.28
km2) in the low suitability category (Fig. 6b; Table 2). By contrast, SVR-RBF
was strongly biased toward the low class, predicting 52.63% (21,179.25 km2) of
the area as low suitability, while the very high suitability class was limited to
14.37% (5782.08 km2) (Fig. 6b; Table 2).

Fig. 5 Spatial prediction of thymol (a–c) and carvacrol (d–f) contents in O.
decumbens using RF, SVR-RBF, and hybrid RF+SVR-RBF models based on
current environmental conditions

3.4 Predictive accuracy of individual and hybrid models

The predictive performance of RF, SVR-RBF, and their hybrid RF+SVR-RBF
model in predicting thymol and carvacrol concentrations is summarized in
Table 3. The hybrid model consistently outperformed both individual model
across all evaluation metrics, including RMSE, MAE, 𝑅2, and CCC. For
thymol, the hybrid RF+SVR-RBF model achieved the lowest prediction errors
(RMSE=0.015; MAE=0.012) and the highest concordance with observed
values (CCC=0.88; 𝑅2=0.82). The RF model showed intermediate accuracy
(RMSE=0.019; 𝑅2=0.74), while SVR-RBF exhibited slightly lower predictive
power (RMSE=0.021; 𝑅2=0.68). A similar pattern was observed for carvacrol,
where the hybrid ensemble again achieved superior performance (RMSE=0.016;
CCC=0.86; 𝑅2=0.80), followed by RF (RMSE=0.020; 𝑅2=0.72) and SVR-RBF
(RMSE=0.022; 𝑅2=0.66). These results highlight the ability of hybrid ap-
proach to integrate the complementary strengths of RF (robustness and feature
interpretability) and SVR (nonlinear generalization), leading to improved
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Fig. 6. Percentage of habitat suitability of thymol (a) and carvacrol (b) for
each suitability class

Figure 6: Fig. 6. Percentage of habitat suitability of thymol (a) and carvacrol
(b) for each suitability class

predictive reliability for both target compounds.

3.5 Statistical significance of model performance differences

While numerical differences in predictive metrics indicated that the hybrid en-
semble achieved better predictive accuracy, the magnitude of improvement re-
quired statistical verification. Therefore, a non-parametric Friedman test fol-
lowed by the CD test was conducted to assess whether the observed performance
differences among the three models were statistically significant.

The Friedman test revealed a significant overall difference among models (𝑃 <
0.05). The subsequent CD test results (Table 4) confirmed that the hybrid
RF+SVR-RBF model performed significantly better than SVR-RBF (𝑃 < 0.05)
for both ΔRMSE and ΔMAE. The difference between RF+SVR-RBF and RF
was also statistically significant for ΔRMSE, but only marginally important
for ΔMAE, suggesting comparable robustness between these two models. In
contrast, the RF and SVR-RBF models did not differ significantly in either
metric, indicating that their

Fig. 6 Percentage of habitat suitability of thymol (a) and carvacrol (b) for each
suitability class

Table 2 Area optimal habitat of O. decumbens for the maximum production of
thymol and carvacrol

Model Classification Thymol Area (km2)
Carvacrol Area

(km2)
RF Low 11,837.64 12,232.28
RF Moderate 10,638.40 12,265.54
RF High 8096.37 7412.74
RF Very high 9668.88 8330.73
SVR-RBF Low 21,001.44 21,179.25
SVR-RBF Moderate 6624.14 6551.71
SVR-RBF High 4288.34 6728.24
SVR-RBF Very high 8327.37 5782.08
RF+SVR-
RBF

Low 12,551.09 15,438.29

RF+SVR-
RBF

Moderate 12,055.18 10,626.60

RF+SVR-
RBF

High 6687.24 6128.43
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Model Classification Thymol Area (km2)
Carvacrol Area

(km2)
RF+SVR-
RBF

Very high 8947.78 8047.96

Note: RF, Random Forest; SVR-RBF, Support Vector Regression (SVR) with
Radial Basis Function (RBF) kernel; RF+SVR-RBF, hybrid ensemble.

Table 3 Predictive performance of RF, SVR-RBF, and their hybrid RF+SVR-
RBF model for thymol and carvacrol concentrations

Essential oil Model RMSE MAE 𝑅2 CCC
Thymol RF 0.019 0.015 0.74 0.81
Thymol SVR-RBF 0.021 0.017 0.68 0.76
Thymol RF+SVR-RBF 0.015 0.012 0.82 0.88
Carvacrol RF 0.020 0.016 0.72 0.79
Carvacrol SVR-RBF 0.022 0.018 0.66 0.74
Carvacrol RF+SVR-RBF 0.016 0.013 0.80 0.86

Note: RMSE, root mean squared error; MAE, mean absolute error; 𝑅2, coeffi-
cient of determination; CCC, concordance correlation coefficient.

Table 4 Statistical comparison of model performance based on the Critical
Difference (CD) test

Model
comparison ΔRMSE Significant ΔMAE Significant
RF+SVR-
RBF
vs. RF

0.004 Significant 0.003 Marginal

RF+SVR-
RBF
vs. SVR-
RBF

0.006 Significant 0.005 Significant

RF
vs. SVR-
RBF

0.002 Not
significant

0.002 Not
significant

performance levels were relatively similar. These statistical analyses demon-
strate that, despite the close numerical values, the hybridization of RF and
SVR-RBF leads to a measurable and statistically validated improvement in pre-
dictive accuracy and reliability.
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Bar chart showing average rank by model: RF+SVR-RBF = 1.00, RF = 2.00,
SVR-RBF = 3.00. The y-axis is “Average rank”and the x-axis is “Model”.

Figure 7: Bar chart showing average rank by model: RF+SVR-RBF = 1.00,
RF = 2.00, SVR-RBF = 3.00. The y-axis is “Average rank”and the x-axis is
“Model”.

Figure 7 visualizes the relative performance ranking of the three models based on
the CD test results. Lower average ranks indicate better predictive performance.
The hybrid RF+SVR-RBF model achieved the lowest average rank (1.00), con-
firming its superior performance compared with both individual models. The RF
model obtained an intermediate rank (2.00), while SVR-RBF ranked the third
(3.00), consistent with the quantitative evaluation presented in Table 3. This
graphical representation further emphasizes that, while the differences between
models were not numerically large, the hybrid model achieved a consistently
better rank distribution.

Fig. 7 Statistical comparison of model performance based on the Critical Dif-
ference (CD) test

3.6 Determining the importance of environmental factors using GLM

To identify the key ecological drivers shaping both habitat suitability and the
biosynthesis of secondary metabolites (thymol and carvacrol) in O. decumbens,
we employed GLM. This approach enabled us to disentangle the relative contri-
butions of 18 environmental variables to the distribution of metabolites across
semi-arid landscapes.

Among the predictors, mean annual temperature emerged as the most influential
factor, exhibiting a strong and positive effect on metabolite concentrations. This
result suggests that moderately warm conditions enhance both the occurrence
of O. decumbens and the biosynthesis of its dominant compounds. Aspect was
the second most important driver, highlighting the role of

slope orientation in regulating solar radiation, microclimatic conditions, and
water availability. Slope ranked the third, with steeper topographies favoring
metabolite accumulation, likely due to improved drainage and reduced soil com-
paction. Sand content was the fourth major contributor, exerting a positive
influence, indicating that coarser soil textures promote better aeration and root
function.

In contrast, several edaphic and topographic variables constrained metabolite
concentrations. Higher soil K content, increased clay percentage, alkaline soil
pH, and micro topographic concavities (plan curvature) were negatively associ-
ated with thymol and carvacrol, reflecting the adverse effects of nutrient imbal-
ances, finer soil textures, and poorly drained or alkaline microsites on secondary
metabolite production (Fig. 8).
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Fig. 8 Importance of environmental variables based on generalized linear
model (GLM)

Figure 8: Fig. 8 Importance of environmental variables based on generalized
linear model (GLM)

Fig. 8 Importance of environmental variables based on generalized linear model
(GLM)

4 Discussion
This study established an integrative and spatially explicit framework that
linked environmental gradients to the biosynthesis of thymol and carvacrol in
O. decumbens, an endemic medicinal herb of Iranian drylands. By coupling
georeferenced phytochemical data with advanced machine learning algorithms,
we disentangled the complex relationships between habitat characteristics and
metabolite accumulation across environmentally heterogeneous semi-arid land-
scapes. The approach illustrated how combining ecological datasets with hybrid
computational models can reveal the mechanisms underlying chemical adapta-
tion to environmental stress. Our findings provided both mechanistic insight
into secondary metabolism and a predictive basis for managing medicinal plant
resources in water-limited ecosystems.

A major outcome of this work was the superior performance of the hybrid
RF+SVR-RBF model compared with single model. The ensemble consistently
produced lower predictive errors (RMSE and MAE) and higher agreement met-
rics (𝑅2 and CCC), confirming that hybridization between decision tree-based
and kernel-based methods can synergistically enhance model stability and gen-
eralizability. RF captured hierarchical and interaction effects among predictors,
while SVR-RBF effectively modeled continuous gradients, and their integration
minimized both bias and variance. Similar benefits of hybrid ensembles have
been demonstrated for other medicinal species such as Nepeta persica Boiss.
and Salvia leriifolia L. (Dastres et al., 2025b, e), reinforcing the value of multi-
algorithmic fusion in ecological modeling under environmental complexity.

Hybrid models typically entail increased computational costs due to the need
for training multiple algorithms, hyperparameter tuning across different archi-
tectures, and cross-validation for weight optimization (Toderean et al., 2025).
In this study, the ensemble framework required approximately 2.3 times longer
computation time compared with individual RF or SVR-RBF model. Addition-
ally, ensemble method can reduce model interpretability compared with simpler

single-algorithm approach, as the combination of predictions from different un-
derlying mechanisms obscures direct tracing of prediction outcomes to specific
input variables (Zhong et al., 2022). To address this trade-off between predictive
performance and interpretability, we deliberately balanced the modeling frame-
work by: (1) using GLM analysis as a complementary interpretable approach to
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identify the direction and significance of individual environmental drivers; (2)
reporting variable importance measures from RF, which remain accessible even
within the ensemble context; and (3) limiting the ensemble to only two base
models (rather than many) to maintain transparency in the weighting scheme.
This multi-pronged strategy allowed us to leverage the superior predictive accu-
racy of the hybrid model while preserving ecological interpretability, a critical
consideration for studies aimed at informing conservation and management de-
cisions.

While the hybrid ensemble modeling framework employed in this study demon-
strated robust predictive performance for thymol and carvacrol concentrations
in O. decumbens, it is important to point out the limitations imposed by sample
size relative to model complexity. With 59 sampling points and 18 environmen-
tal predictors, our sample-to-predictor ratio of approximately 3.3:1.0 fall within
what is commonly considered a“small data”scenario in ecological machine learn-
ing. Previous study has suggested that sample-to-feature ratios below 20.0:1.0
may increase the risk of overfitting and challenge model generalizability to un-
sampled regions (Wang et al., 2025).

Despite these theoretical concerns, several factors in our study design miti-
gated the associated risks and support the reliability of our findings. First,
the implementation of nested repeated k-fold cross-validation (10 folds with 10
repetitions) ensured that every observation contributed to both training and
validation, reducing optimism in performance estimates (Wang et al., 2024).
Second, the use of ensemble method (RF+SVR-RBF) with weighted soft av-
eraging leveraged complementary bias-variance characteristics, which has been
shown to enhance model stability under data-limited conditions. Third, our
logit transformation of bounded response variables improved data distribution
properties and model convergence. Comparable studies in medicinal plant re-
search have successfully employed similar sample sizes. For instance, Wang et
al. (2024) developed robust classification models for Chinese herbal medicine ori-
gin identification using 568 samples with 3448 spectral features, demonstrating
that appropriate methodological choices can overcome sample size limitations
in high-dimensional settings.

From a biogeographical perspective, the northern and northwestern parts of
Fars Province emerged as metabolite-rich zones, with additional hotspots in the
western uplands. These regions are characterized by moderate thermal regimes,
heterogeneous topography, and sandy soils conditions identified by the GLM as
strong positive predictors. Conversely, central and eastern lowlands exhibited
limited suitability, likely due to unfavorable soil texture and microtopographic
features. Specifically, areas with concave surface curvature (negative values)
in these lowlands tend to accumulate water during precipitation events, creat-
ing transient waterlogged conditions that can restrict root aeration and reduce
oxygen availability for root metabolism, factors known to negatively impact ter-
penoid biosynthesis in aromatic plants (Sun and Fernie, 2024). Additionally,
these micro-depressions often serve as cold air convergence zones during spring
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nights, increasing frost risk and potentially damaging young tissues at critical
phenological stages. In contrast, convex microtopographic positions (positive
curvature) on slopes promote rapid drainage and cold air shedding, creating
more favorable microclimatic conditions for secondary metabolite accumulation
(Troise et al., 2025). Such spatial clustering of high-thymol and high-carvacrol
populations may reflect localized adaptation to stress gradients, a common phe-
nomenon in aromatic taxa inhabiting arid and semi-arid ecosystems (Najar et
al., 2022; Singh et al., 2023).

Among environmental drivers, mean annual temperature emerged as the dom-
inant and positive regulator of secondary metabolite accumulation. Moderate
heat levels may stimulate enzymatic activities in the monoterpene biosynthetic
pathway, particularly through enhanced expression of geranyl diphosphate syn-
thase and terpene synthase genes (Yan et al., 2017). Temperature-driven

modulation of volatile terpenoid metabolism has been reported in several Lami-
aceae and Apiaceae species, suggesting that thermal conditions fine-tune carbon
allocation between primary and secondary metabolism (Willi and Van Buskirk,
2022). Aspect, the second most influential variable, reflects the role of so-
lar radiation exposure and evapotranspiration in shaping plant microclimates.
South- and southwest-facing slopes, which receive higher insolation, provide
warmer and drier microsites that can increase metabolic fluxes through stress-
induced signaling (e.g., abscisic acid (ABA) and jasmonates), enhancing ter-
penoid biosynthesis (Walton et al., 2005; Deák et al., 2024).

Slope degree also showed a positive effect, likely due to improved aeration, lower
soil compaction, and reduced pathogen pressure on steeper terrains (Wen et al.,
2024). Sandy soils further favored secondary metabolism by increasing oxygen
diffusion and reducing mechanical impedance to root growth—conditions that
facilitate precursor availability for terpenoid formation (Hill et al., 2023). Sim-
ilar findings were observed for N. persica, where sandy and well-drained soils
were associated with elevated nepetalactone content (Dastres et al., 2025b).

Conversely, inhibitory effects were associated with soil K, clay content, and pH.
Elevated K concentrations may disturb osmotic equilibrium and nutrient up-
take, constraining the flow of carbon skeletons into secondary pathways (Benito
et al., 2023). Excessive clay reduces drainage and limits microbial diversity,
which in turn affects rhizosphere–metabolite feedbacks (Tang et al., 2025). Al-
kaline pH may also restrict the availability of micronutrients such as ferrum
(Fe), zinc (Zn), and manganese (Mn)—essential cofactors for enzymes involved
in monoterpene synthesis (Moreno-Jiménez et al., 2019). Microtopographic de-
pressions (negative plan curvature) were negatively related to metabolite levels,
likely reflecting the effects of waterlogging and hypoxia on root respiration and
metabolic activity (Wan et al., 2024).

Collectively, these results reveal a suite of ecological trade-offs controlling sec-
ondary metabolism in O. decumbens. Optimal metabolite accumulation occurs
under moderately warm, well-drained, and aerated conditions, whereas environ-
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ments characterized by high clay content, alkalinity, or ionic imbalance inhibit
biosynthetic efficiency. This pattern aligns with broader evidence that both
climatic and edaphic factors jointly control phytochemical diversity in dryland
ecosystems (Najar et al., 2022; Singh et al., 2023). Furthermore, these results ex-
tend chemical ecological understanding by highlighting that subtle spatial shifts
in soil texture, slope, and temperature gradients can generate disproportionate
biochemical variation within a single species—reflecting the high sensitivity of
dryland flora to microhabitat heterogeneity.

Beyond ecological implications, the generated spatial predictions hold strong ap-
plied relevance. The ability to map high-metabolite zones provides a scientific
basis for in situ conservation of chemically valuable populations, while inform-
ing ex situ cultivation strategies that reduce collection pressure on wild stands.
The integration of ecological modeling and metabolite mapping thus offers a
dual framework for both biodiversity conservation and sustainable resource uti-
lization. Similar spatially guided conservation strategies have proven effective
for optimizing cultivation of other aromatic plants in arid regions (Måren et al.,
2015; Dastres et al., 2025e). Ultimately, this study bridges machine-learning
advances with biological interpretation, demonstrating how data-driven model-
ing can elucidate environmental regulation of plant secondary metabolism and
guide adaptive management under global climate acidification.

5 Conclusions
This study highlighted the potential of integrating spatially explicit metabolite
profiling with ensemble machine learning to elucidate the ecological regulation
of secondary metabolism in O. decumbens. The hybrid RF+SVR-RBF model
achieved the highest predictive accuracy for thymol and carvacrol concentra-
tions, demonstrating the advantage of ensemble learning in capturing complex
environmental interactions within heterogeneous dryland ecosystems. Our re-
sults indicated that mean annual temperature, slope aspect, slope degree, and
sand content act as strong positive drivers of metabolite biosynthesis, while high
soil K, clay content, alkaline pH, and

concave topographies exert negative effects. These findings suggest that O. de-
cumbens exhibits adaptive metabolic plasticity to cope with semi-arid stressors,
with metabolite production optimized under warm, well-drained, and aerated
conditions. The combined influence of climatic, edaphic, and topographic gra-
dients underscores the integrative nature of environmental control over chemi-
cal diversity in dryland medicinal and aromatic plants. By establishing a pre-
dictive ecological framework that links metabolite variation to environmental
heterogeneity, this study contributes to both the theoretical understanding of
plant chemical ecology and the practical goals of conservation and sustainable
utilization. The spatial predictions generated here provide valuable tools for
identifying and prioritizing ecologically and chemically valuable populations,
supporting site-specific strategies for in situ conservation and sustainable culti-
vation. Future research should expand upon this framework by incorporating
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population genomic data to investigate the interactions between genetic varia-
tion and environmental factors in shaping metabolite phenotypes. Additionally,
integrating functional traits and long-term climate scenarios will be essential for
understanding the adaptive evolution of phytochemical pathways under acceler-
ating climate change impacts. Such interdisciplinary approaches will be crucial
for safeguarding the ecological and chemical resilience of medicinal species in
arid ecosystems.
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