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Abstract

Accurate habitat suitability modeling is essential for the conservation and sustainable cultivation of medicinal plants, par-
ticularly under changing environmental conditions. This study evaluates the habitat suitability of Oliveria decumbens in Fars
Province, Iran, using five machine learning algorithms—Naive Bayes, Quadratic Discriminant Analysis, Linear Discriminant
Analysis, Generalized Additive Models, and eXtreme Gradient Boosting. A total of 168 occurrence points and 18 environ-
mental predictors, including topographic, climatic, and edaphic factors, were analyzed. Feature selection using Boruta and
LASSO methods identified annual rainfall, elevation, and soil silt content as the most influential variables. QDA and LDA
models outperformed others in spatial cross-validation, with AUC scores of 0.90 and 0.89, respectively, demonstrating high
predictive accuracy and low uncertainty. Suitability maps indicated that optimal habitats are concentrated in the northern and
northwestern regions of the province. Despite the robustness of the models, limitations related to environmental extrapola-
tion and landscape dynamics remain. The findings provide a data-driven foundation for conservation planning and sustain-
able cultivation of O. decumbens. Future research should incorporate climate and land-use change projections to improve
long-term resilience. This study demonstrates how integrating machine learning with spatial data supports evidence-based
decision-making in ecological modeling.
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1 Introduction

Oliveria decumbens Vent., a member of the Apiaceae fam-
ily and commonly known as Moshkoorak, Den, or Denak
in Iran, is an annual medicinal and aromatic plant (MAP)
with a natural distribution across Iran, Syria, Iraq, and
southeastern Anatolia [1]. Traditionally, O. decumbens has
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been utilized for treating ailments such as fever, diarrhea,
dyspepsia, and stomach pain, highlighting its value in tra-
ditional medicine [2]. The plant’s essential oils are rich in
phenolic compounds—particularly carvacrol and thymol—
which impart significant biological activities, including anti-
oxidant, anticancer, insecticidal, antibacterial, antidiabetic,
antiviral, and acetylcholinesterase-inhibitory properties
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[3]. These bioactive characteristics render O. decumbens a
highly sought-after species in the food, feed, cosmetic, and
pharmaceutical industries. However, the limited geographic
distribution of O. decumbens and growing industrial demand
threaten its availability, creating a strong need to explore
sustainable production methods to meet these demands with-
out further compromising its natural habitats.

Wild populations currently provide approximately
75% of MAPs, which contributes to these valuable
resources'depletion along with habitat destruction and
ecosystem degradation [4]. The unregulated harvesting of
MAPs from their native environments poses a serious risk of
extinction for many species. Therefore, sustainable cultiva-
tion of O. decumbens is essential to meet industrial require-
ments and protect the plant’s natural habitats from overhar-
vesting pressures. To support such initiatives, it is necessary
to develop accurate and reliable methods for habitat suit-
ability modeling (HSM), which can help identify optimal
sites for cultivating O. decumbens and promote sustainable
agricultural practices [5].

Advances in artificial intelligence (AI) and machine
learning (ML) have opened new possibilities for habitat
suitability modeling, providing powerful tools for analyz-
ing the environmental variables that influence the distribu-
tion of MAPs [6]. Recent applications of machine learn-
ing and remote sensing have significantly enhanced habitat
predictions and risk assessments for various species [7].
Recent applications of ML and Al have successfully sup-
ported habitat predictions and risk assessments for various
MAPs and other species [8]; for instance, extreme gradi-
ent boosting has been applied to assess habitat suitability
for cassava, sorghum, and maize, while Bayesian network
models have proven effective in complex environmental data
analysis and problem-solving [9]. In particular, the Naive
Bayes (NB) model has performed reliably across diverse
scenarios despite its structural simplicity [9]. Other models,
such as quadratic discriminant analysis (QDA), generalized
additive models (GAM), and linear discriminant analysis
(LDA), have also been applied effectively in the field of hab-
itat suitability modeling [10]. Moreover, random forest (RF)
algorithms have been used to predict habitat vulnerability
for Posidonia oceanica meadows, reinforcing the utility of
ML for assessing the environmental parameters that define
suitable habitats for plant species [11].

While these studies highlight the growing potential of ML
in habitat suitability modeling, there is still a need for further
research to apply these techniques specifically to identify
optimal growth conditions for O. decumbens, a species that
has not yet been extensively studied in this context. Addi-
tionally, there remains a gap in understanding how multiple
environmental variables interact to influence the habitat
suitability of MAPs in diverse geographical regions. This
study aims to address these gaps by using a range of ML
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algorithms to predict habitat suitability for O. decumbens,
offering insights into sustainable cultivation practices and
conservation strategies. Sustainable practices in managing
medicinal and aromatic plants are essential for balancing
industrial demands with conservation goals [12].

In this study, we apply ML algorithms, including NB,
QDA, GAM, LDA, and Extreme Gradient Boosting (XGB),
to predict the habitat suitability of O. decumbens based on
an array of environmental factors such as elevation, mean
annual temperature, mean annual rainfall, slope aspect, slope
degree, profile curvature, plan curvature, distance from riv-
ers, distance from roads, clay percent, sand percent, silt
percent, pH, electrical conductivity, nitrogen, phosphorus,
potassium, and organic matter. The primary research ques-
tions of this study are: (1) Which environmental factors have
the greatest influence on the habitat suitability of O. decum-
bens? (2) How accurately can ML algorithms predict habitat
suitability for O. decumbens in different regions? (3) What
is the potential for identifying optimal sites for sustainable
cultivation of O. decumbens? This research aims to sup-
port sustainable cultivation initiatives for O. decumbens by
identifying optimal sites for its growth, contributing to its
conservation, and ensuring a steady supply of raw materials
for various industries.

2 Materials and methods
2.1 Study area

The research region is in southwestern Iran between lati-
tudes 28° 00" and 30° 00" N and longitudes 51° 00" and 54°
00" E within the Fars province (Fig. 1). This vast province is
home to various animal and plant species due to its climatic
and ecosystem diversity [13]. A dynamic environmental gra-
dient is created between the arid and semi-arid areas of the
plains and the Zagros Mountains because of their temperate
climate and rich biodiversity [14]. This climatic diversity has
led to the growth of various medicinal species in this prov-
ince, such as O. decumbens, which grows in limited areas.

2.2 Methodology

In this study, the distribution areas of the O. decumbens plant
were first identified throughout the province. Then, the geo-
graphical characteristics of 168 plant growth areas, includ-
ing their elevation, longitude, and latitude, were recorded
using a GPS device. These 168 sites were carefully selected
to encompass the full range of environmental and geographi-
cal conditions in which the plant is known to grow. By cov-
ering diverse habitats, including variations in topography,
climate, and soil conditions, the selected sites represent a
comprehensive sampling of the species'distribution across
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Fig. 1 The study area for habitat suitability assessment of Oliveria decumbens Vent

its natural range. This approach ensures that the dataset cap-
tures the variability of the plant’s ecological preferences and
provides a robust basis for modeling its habitat suitability
with machine learning techniques.

Meteorological information such as average annual pre-
cipitation and temperature was obtained from the 25 nearest
synoptic stations to the plant growth areas. These factors
were selected because temperature and precipitation are
among the most critical climatic variables influencing the
growth, distribution, and habitat suitability of many plant
species, including medicinal and aromatic plants (MAPSs).
Precipitation and temperature not only affect the physiologi-
cal processes of plants but also determine the presence of
water resources, which is essential for the plant's survival
and reproduction [15]. Using data from the nearest synoptic
stations, we ensured that the climatic conditions surrounding
the selected plant growth areas were accurately represented,
providing a reliable basis for understanding the environmen-
tal conditions that influence O. decumbens (Fig. 2a, b).

Additionally, soil samples were collected from each wild-
growing habitat at depths of 0—30 cm from all 168 sites. This
depth was chosen because it represents the primary rooting
zone for many plant species, including O. decumbens, where
nutrient uptake and water absorption are critical. The phys-
ical properties of the soil, including percentages of sand,
silt, and clay, were analyzed using the hydrometer method.
These properties were selected because they are crucial in
determining soil texture, water retention, drainage, and fer-
tility—Kkey factors influencing plant growth. Soil texture, in
particular, affects the ability of the soil to retain moisture

and nutrients, which can significantly impact the distribu-
tion and productivity of the species [16]. By incorporating
these soil properties, we can account for the variations in
habitat suitability from different soil conditions, ensuring
a comprehensive assessment of the environmental factors
influencing O. decumbens growth.

The soil pH, electrical conductivity (EC), and organic
matter (OM) of the samples were recorded according to
Regasa method [17]. Nitrogen (N) content was determined
using the Kjeldahl method, in which the soil samples are
digested with sulfuric acid to convert organic nitrogen into
ammonium sulfate [18]. Phosphorus (P) was measured with
the Olsen method [19]. Potassium (K) was extracted using
ammonium acetate and measured with a flame photometer
[20]. Soil data were analyzed using the Inverse Distance
Weighting (IDW) interpolation algorithm and converted into
30-m resolution raster maps within a GIS environment, to be
used in subsequent modeling steps (Fig. 3a—i) [21].

The slope degree, plan and profile curvature, slope aspect,
and elevation layer maps were obtained from a 30-m spa-
tial-resolution digital elevation model (DEM). The inverse
distance weighting (IDW) algorithm was applied to convert
the mean annual temperature and rainfall data into 30-m-res-
olution raster maps. Using geographic information system
(GIS) software, the Euclidean distance (ED) algorithm was
employed to generate raster maps indicating the distances
from rivers and roads (Fig. 4a—g).

GIS and spatial analysis tools have been critical in mode-
ling ecological distributions, as demonstrated in recent stud-
ies [22]. To assess the multi-collinearity among independent
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Fig.2 Raster maps of climatic factors used in the modeling process: a Mean annual temperature, b Mean annual rainfall

variables, the tolerance (TOL) and variance inflation factor
(VIF) collinearity tests were employed. A comprehensive
dataset of environmental factors and locations of O. decum-
bens was then provided.

The LASSO (Least Absolute Shrinkage and Selection
Operator) and Boruta algorithms were utilized to identify
the factor with the greatest impact value on the modeling
process. The LASSO algorithm is a regression analysis tech-
nique used in machine learning and statistics for variable
selection and regularization [23]. It enhances the prediction
accuracy and interpretability of the statistical model. The
Boruta algorithm is a feature selection method specifically
designed to identify all features that carry useful informa-
tion for prediction [24]. The Boruta algorithm is a powerful
feature selection tool that identifies all relevant features in a
dataset, leveraging the strengths of random forests to provide
robust and comprehensive insights into feature importance.

The five algorithms, including GAM, LDA, NB, QDA,
and XGB, were employed to assess the habitat suitability
of O. decumbens. One of the non-parametric statistical
models is the generalized additive model (GAM), which
evolved from the development and expansion of generalized
linear models (GLMs) [25]. Machine learning algorithms
have been increasingly adopted in environmental and habi-
tat modeling, offering robust tools for analyzing complex
ecological systems. Unlike GLMs, where the relationship
between independent and dependent variables is expressed
through regression equations and coefficients, GAMs allow
the data to dictate the shape of the response curve [26]. Lin-
ear discriminant analysis (LDA), a statistical method for
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dimension reduction and classification, maximizes the ratio
of between-group to within-group dispersion. This technique
is employed in machine learning to find the linear combina-
tion of features that best separates multiple classes. Another
significant advancement is the eXGB algorithm, intro-
duced by, also known as the regular reinforcement method.
Renowned for its high predictive power, eXGB is considered
the best option for accuracy across various applications. This
algorithm leverages both linear models and tree learning
algorithms, offering a performance approximately ten times
faster than traditional gradient boosting methods [27]. Naive
Bayes (NB) is a family of simple yet effective probabilistic
classifiers based on Bayes'theorem. Despite its simplicity, it
often performs surprisingly well for various complex tasks,
particularly in text classification and natural language pro-
cessing. Naive Bayes remains a cornerstone algorithm in
machine learning, particularly due to its interpretability and
efficiency in high-dimensional datasets [28]. Quadratic dis-
criminant analysis (QDA) is a statistical technique used for
classification. It is a variant of linear discriminant analysis
(LDA). Still, unlike LDA, which assumes that the covari-
ance matrices of different classes are identical, QDA allows
each class to have its own covariance matrix. This flexibility
enables QDA to model more complex class boundaries [29].
Finally, the receiver operating characteristic (ROC) curve
and the area under the curve (AUC) were used to assess the
effectiveness of the models.

To predict the suitability of O. decumbens, a systematic
workflow was developed as outlined in Figure 5. The meth-
odological steps are described below:
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(a) Plant sample data collection

The recorded geographical characteristics of 168 plant
growth areas—including elevation, longitude, and latitude—
served as the basis for this study. These samples were ran-
domly divided into two subsets: 70% (118 points) for model
training and 30% (50 points) for validation, ensuring gen-
eralizability. In addition to the presence data, 118 pseudo-
absence points were randomly generated from areas outside
the known distribution range of O. decumbens, ensuring
spatial separation from presence records. This approach cre-
ated a balanced and spatially independent presence/absence
dataset.

To reduce potential spatial bias and avoid overfitting to
known hotspots, pseudo-absence points were spatially strati-
fied across environmentally diverse areas of Fars Province.
Furthermore, to statistically assess the presence of spatial
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autocorrelation, we performed a Moran’s I analysis on the
predicted occurrence probabilities across all sample loca-
tions. The observed Moran’s I was 0.041, with a Z-score of
1.29 and a p value of 0.197, indicating no significant spatial
autocorrelation (Fig. 6, Table 1). These findings confirm
the spatial reliability of our sampling design and modeling
dataset, supporting robust performance across the five algo-
rithms employed (NB, QDA, LDA, eXGB, and GAM).

(b) Predictive environmental factors
Eighteen predictive factors were considered (Table 2),
representing key environmental and soil properties that

influence habitat suitability [30]. These factors included:

1. Climatic variables: Average annual temperature and pre-
cipitation.
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2. Soil physical and chemical properties: Sand, silt, and
clay percentages; pH; electrical conductivity (EC); nitro-
gen (N); phosphorus (P); potassium (K); and organic

matter (OM).

3. Topographical features: Elevation, slope degree, slope
aspect, plan curvature, and profile curvature.

4. Proximity indices: distance from rivers and roads.

5. Variable screening and multi-collinearity check

To ensure the predictive factors were not collinear,
a variance inflation factor (VIF) analysis was per-
formed. This step identified and excluded variables with
high multi-collinearity, enhancing model stability and

interpretability.

(d) Model selection and habitat suitability mapping
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Fig.4 (continued)

Five machine learning algorithms—Naive Bayes (NB),
quadratic discriminant analysis (QDA), generalized addi-
tive models (GAM), linear discriminant analysis (LDA),
and extreme gradient boosting (XGB)—were employed to
predict habitat suitability. These models were selected for
their established performance in ecological modeling and
ability to capture complex relationships between predictors
and species distribution.
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(e) Accuracy assessment

A total of 50 presence points (based on confirmed occur-
rences of O. decumbens) and 50 pseudo-absence points (ran-
domly sampled from outside known presence areas) were
spatially stratified across the blocks to represent the full
environmental and geographic variability of the region. The
random allocation of pseudo-absence points helped prevent
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shown in Fig. 7, where red points indicate pseudo-absences  zation in unsampled areas.
and green points represent known species presences. The
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Table 1 Summary of Moran’s I test results for predicted occurrence
values

Metric Value
Observed Moran’s 1 0.041
Expected Moran’s 1 —0.006
Z-score 1.23

P value 0.218
Interpretation No significant

spatial autocor-
relation

For each model and fold, performance metrics including
the area under the curve (AUC) and the receiver operating
characteristic (ROC) were calculated. The mean AUC and
its standard deviation across folds were then used to evalu-
ate the spatial extrapolation capability of the models. The
model with the highest mean AUC and lowest variability
was considered the most robust and suitable for habitat
suitability.

(f) Feature importance analysis

Feature selection techniques, such as LASSO regres-
sion and the Boruta algorithm, were applied to identify the
most influential factors in determining habitat suitability.
These methods quantified the contribution of each vari-
able to the modeling process, providing insights into the
ecological drivers of O. decumbens distribution.

(g) Habitat suitability maps

Table 2 Factors influencing O. decumbens and their justification

Based on the selected model, habitat suitability maps
were developed, highlighting the most suitable areas for O.
decumbens. These maps provide a practical tool for guiding
conservation efforts and optimizing sustainable cultivation
practices.

3 Result

3.1 Evaluating multi-collinearity in habitat
suitability models

In this study, we assessed the dataset for the possibility of
multi-collinearity among the variables using the variance
inflation factor (VIF) and tolerance (T) index. Multi-col-
linearity occurs when independent variables in a regression
model are highly correlated, resulting in unreliable estimates
of regression coefficients, increased standard errors, and
difficulty in determining the individual effects of each pre-
dictor. It is crucial to detect and address multi-collinearity
to ensure the stability and interpretability of the model, as
high correlation among predictors can distort the results and
affect model performance. The VIF and Tolerance indices
are widely used to quantify the degree of multi-collinearity,
with high VIF values indicating potential multi-collinear-
ity among variables. Addressing this issue is essential to
ensure that the selected predictive factors contribute inde-
pendently to the model, improving the overall accuracy and
reliability of the habitat suitability predictions. As shown
in Table 3, all studied variables in this study had VIF and T
values within the acceptable ranges, confirming the absence

Factors Description

Climatic variables 1. Average annual temperature
2. Average annual precipitation

Average annual temperature influences species’ growth, survival, and distribution.
Precipitation determines water availability, affecting vegetation, soil quality, and

ecosystem productivity [31]

Soil variables . Silt percentage
. Sand percentage

. Clay percentages

. Electrical conductivity (EC)
. Nitrogen (N)

. Potassium (K)

. Phosphorus (P)

Organic matter (OM)

Elevation

. Slope degree

. Slope aspect

. Plan curvature
Profile curvature

Topographical features

. Distance from rivers
. Distance from roads

Proximity indices

N— MEWN— 0TI WN—

Soil texture impacts fertility: silt retains water and nutrients, enhancing fertility, while
sandy soils drain quickly and retain fewer nutrients. Clay soils have high nutrient
retention but poor drainage. Soil pH affects nutrient availability; neutral pH (6-7) is

pH optimal. Electrical conductivity (EC) indicates salinity levels that can reduce fertility.

Nitrogen is vital for plant growth and soil fertility, while potassium aids water uptake

and plant health. Phosphorus is essential for root, and organic matter improves soil

structure and microbial activity [32, 33]

Elevation affects temperature, precipitation, and soil properties, with higher elevations
showing cooler climates and reduced nutrients. Slope steepness influences erosion
and fertility, while slope aspect affects microclimates and evaporation rates. Curva-
ture (both plan and profile) influences water flow and soil moisture [34]

Proximity to rivers affects erosion, sediment, and vegetation distribution, while roads
influence local ecosystems and vegetation diversity [35, 36]
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Fig.7 Spatial distribution of presence (green) and pseudo-absence (red) sample points across five spatial blocks in Fars Province, Iran

Table 3 Multi-collinearity analysis of factors influencing habitat suit-
ability using variance inflation factor (VIF) and tolerance index (TI)

Factors affecting habitat suitability Collinearity statistics*

Tolerance VIF
Slope aspect 0.24 4.05
Slope degree 0.54 1.95
Elevation (m) 0.32 4.01
Profile curvature (100/m) 0.65 1.34
Plan curvature (100/m) 0.19 4.89
Silt (%) 0.22 4.15
Sand (%) 0.26 3.89
Clay (%) 0.13 4.96
pH 043 3.26
EC (ds/m) 0.18 4.85
N (%) 0.76 1.11
K (mg/kg) 0.25 3.81
P (mg/kg) 0.18 4.85
OM (%) 0.16 4.92
Mean annual temperature (°C) 0.35 4.76
Mean annual rainfall (mm) 0.49 3.15
Distance from roads (m) 0.28 3.49
Distance from rivers (m) 0.51 2.18

*The VIF>5 and T <0.1 indicate high multi-collinearity

of multi-collinearity. For example, although the Clay (%)
variable had the highest VIF (4.96), it was still within an
acceptable range (VIF <5).

3.2 Evaluating the key factors and analyzing partial
response curves

This study revealed that mean annual rainfall, elevation, and
silt percent were the major factors influencing the habitat
suitability of O. decumbens in Fars Province, as determined
consistently by both the Boruta and LASSO algorithms
(Fig. 8a, b). These variables contributed most significantly
to the predictive models, underscoring their ecological rel-
evance. In contrast, variables such as organic matter (OM),
profile curvature, and slope aspect (according to LASSO), as
well as OM, plan curvature, and electrical conductivity (EC)
(according to Boruta), were identified as the least influential.

The top 10 predictive variables obtained from each
method are listed in Table 4. According to Boruta, the most
important variables are rainfall, elevation, silt, roads, sand,
clay, phosphorus (P), temperature, nitrogen (N), and aspect.
LASSO identified rainfall, elevation, silt, roads, clay, sand,
nitrogen (N), potassium (K), temperature, and phosphorus
(P) as top contributors. These results indicate a strong over-
lap between the two approaches in identifying core envi-
ronmental drivers, particularly for rainfall, elevation, and
silt content.
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Fig.8 The importance of fac-
tors affecting habitat suitabil-
ity based on LASSO (a) and
Boruta (b) algorithms. OM:

Variable importance using LASSO Algorithm
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The habitat suitability and environmental factor maps fur-
ther support these findings, showing that optimal habitats
for O. decumbens occur in areas with specific environmen-
tal thresholds: annual rainfall between 382.89-721.91 mm
(Fig. 2b), elevation from 164 to 1361 m (Fig. 4a), and silt
percentage between 36.86-64.67% (Fig. 3c). These data sug-
gest that the species thrives in wetter regions with moderate
elevation and finer-textured soils, which are conducive to
water retention and root penetration.

However, ongoing drought conditions in Fars Province
pose a substantial threat to these optimal zones, underscor-
ing the need for targeted conservation planning. Addition-
ally, spatial analysis revealed that the most suitable areas for
the species’ development are located on relatively flat lands

@ Springer

with higher silt concentrations, predominantly in the north-
west regions of the province. This analysis offers valuable
insights for prioritizing conservation and informing cultiva-
tion strategies for O. decumbens under current and future
climatic scenarios.

3.3 Habitat suitability maps and model accuracy

The habitat suitability maps generated by the five machine
learning models (NB, QDA, LDA, XGB, and GAM)
revealed both consistent regional trends and model-specific
spatial nuances in predicting suitable areas for O. decum-
bens across Fars Province (Fig. 9). A prominent pattern
shared among all models was the concentration of highly
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Table 4 Top 10 variables from each method

Rank Boruta (Based on Z-score LASSO (Coeffi-

Importance) cient Impor-
tance)

1 Rainfall Rainfall

2 Elevation Elevation

3 Silt Silt

4 Roads Roads

5 Sand Clay

6 Clay Sand

7 P N (Nitrogen)

8 Temperature K (Potassium)

9 N (Nitrogen) Temperature

10 Aspect P (Phosphorus)

suitable habitats in the northern and northwestern parts of
the province—areas likely characterized by favorable cli-
matic, edaphic, and topographic conditions. In contrast, the
central, eastern, and southeastern regions were generally
classified as low to very low suitability zones, though the
extent and intensity of this classification varied by model.
Notably, QDA and LDA provided the most spatially discrete
delineation of habitat classes, suggesting a stronger sensitiv-
ity to underlying environmental gradients. These two mod-
els distinctly separated high-suitability zones from marginal
areas, while the XGB model produced a more graduated
and smoother suitability transition across the landscape. The
NB model showed a slightly more optimistic distribution of
high-suitability areas, potentially indicating a broader toler-
ance for environmental variation in its predictions. Mean-
while, the GAM model emphasized both highly suitable and
unsuitable extremes, reinforcing its capacity to detect both
optimal and restrictive zones based on continuous relation-
ships. Collectively, the ensemble of model outputs illustrates
the complex spatial heterogeneity of habitat conditions in the
region and demonstrates the value of comparative modeling
in identifying consensus areas of ecological importance and
uncertainty.

The habitat suitability values were categorized into five
classes: very low, low, moderate, high, and very high using
the natural breaks method (Fig. 10). The comparison of hab-
itat suitability classes across five machine learning models
reveals considerable variation in the classification patterns of
environmental favorability. Notably, GAM, QDA, and LDA
allocated a large proportion of the area to the “Very low”
suitability class (over 40%), indicating a more conservative
or restrictive prediction pattern. In contrast, the XGB model
showed a more balanced distribution, with higher represen-
tation in the “Low” and “Moderate” classes, suggesting a
nuanced differentiation between marginally suitable and
moderately favorable areas. The NB model demonstrated a

relatively higher percentage in the “High” suitability class,
highlighting its potential sensitivity in identifying regions
with greater ecological value. Interestingly, the “Very high”
class was predominantly emphasized by the GAM model,
while XGB classified the fewest areas under this category.
These discrepancies highlight the inherent differences in
model behavior and underscore the importance of select-
ing an algorithm based on the specific objectives of habitat
suitability assessments.

The initial model performance was evaluated using 30%
of the presence points (n=50) and 50 randomly gener-
ated absence points across the province. These points were
mixed and used in a value-to-point accuracy assessment.
To address concerns regarding overestimation due to spatial
autocorrelation, we implemented spatial block k-fold cross-
validation (k=35), partitioning the study area into geographi-
cally distinct blocks. Mean AUC scores and their standard
deviations were computed across folds for each algorithm
to assess spatial transferability. The cross-validation results
confirmed that QDA and LDA remained the top-performing
models (mean AUC=0.90+0.05 and 0.89 +0.06, respec-
tively), followed by GAM (0.86 +£0.08), NB (0.84 +0.07),
and XGB (0.83 +£0.06) (Table 5, Fig. 11).

To further examine model reliability and uncertainty,
we visualized the variability in model performance using
both random split and spatial cross-validation AUC scores
along with their associated errors (Fig. 12). This analysis
highlights the robustness and generalization capacity of the
evaluated models. Notably, QDA and LDA exhibited the
lowest uncertainty, indicating consistent performance across
spatial partitions. In contrast, GAM and NB showed slightly
higher variability, reflecting sensitivity to spatial heterogene-
ity. Such uncertainty assessment is crucial in habitat mod-
eling to ensure spatially reliable predictions and to guide
decision-making in conservation and land-use planning.

3.4 Model limitations, projection constraints,
and future research directions

While the modeling framework presented in this study offers
valuable insights into the spatial distribution and key envi-
ronmental drivers of O. decumbens in Fars Province, sev-
eral limitations and considerations must be acknowledged
to ensure appropriate interpretation and application of the
results.

First, although all predictors passed multi-collinearity
checks using VIF and Tolerance thresholds, and the mod-
els exhibited high accuracy and low uncertainty (especially
QDA and LDA), it is essential to recognize that the envi-
ronmental range and spatial distribution of the training data
constrain the model projection. Extrapolating predictions
beyond these ranges, particularly under future climate or
land-use scenarios, may yield unreliable outputs. Second,
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our models do not explicitly account for dynamic processes
such as ongoing climate change, increasing anthropogenic
disturbances, or shifts in land use, all of which could sig-
nificantly alter habitat suitability in the coming decades.
Although current results suggest that northwestern regions
with higher silt content and rainfall are most suitable, these
zones may contract or shift under drought intensification or
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habitat fragmentation. Moreover, incorporating socio-eco-
nomic data or land-use change forecasts (e.g., agriculture
intensification) would also improve real-world relevance.
Future research should consider ensemble modeling
across multiple global climate models (GCMs), the integra-
tion of temporal layers, and multi-criteria decision analy-
sis to identify resilient conservation zones. Furthermore,
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earity, where predictor variables show high correlations,
leading to unreliable estimates and inflated standard errors
[31]. Collinearity diagnostics, using methods like the vari-
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cial for ensuring the robustness of ecological models [38].
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dom split) (spatial CV)

GAM 0.94 0.04 0.87-1.00 0.86 0.08

QDA 0.98 0.02 0.95-1.00 0.90 0.05

XGB 0.90 0.06 0.79-1.00 0.83 0.06

NB 0.90 0.05 0.81-1.00 0.84 0.07

LDA 0.97 0.03 0.92-1.00 0.89 0.06
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Fig. 11 ROC curve analysis is

ROC Curve

used to validate the habitat suit- 1.0 l
ability models

Sensitivity

, ]

Source of the

Curve

— GAM
— QDA
——XGB
NB
LDA
—— Reference Line

00 02

Fig. 12 Model uncertainty 1.05¢
analysis based on AUC

AUC Score

Advanced algorithms, specifically Boruta and LASSO,
significantly enhanced model performance by selecting
the most relevant environmental factors [39]. Boruta is an
effective feature selection tool, preserving all influential vari-
ables by contrasting their importance with random compari-
sons, ensuring no significant factor is omitted. Conversely,
LASSO fine-tunes the model by shrinking less relevant
coefficients toward zero, thus removing non-essential vari-
ables [40]. This approach is particularly useful in ecological
data with numerous predictors, as it maintains the model's
explanatory power while simplifying it. Combined, Boruta
and LASSO allowed precise identification of key predictors,
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such as rainfall, elevation, and silt percentage, critical for
determining the habitat suitability of O. decumbens.
Among the environmental factors, rainfall emerged as a
major determinant for the growth and distribution of medici-
nal and aromatic plants (MAPs), influencing processes
such as nutrient absorption and photosynthesis. Previous
research has highlighted that rainfall changes, particularly
in arid regions, can alter plant phenology and impact pollina-
tor resources [41]. Additionally, rainfall variations directly
affect the habitat distribution and resilience of MAPs to cli-
mate-induced stress [42]. For O. decumbens, shifts in rainfall
patterns due to climate change pose substantial challenges,
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underscoring the need for habitat models that inform adap-
tive management and conservation efforts.

Elevation significantly influences habitat suitability,
affecting variables such as temperature and humidity, which
in turn impact soil properties and plant nutrient uptake [43].
In regions such as the Himalayas, MAP diversity decreases
with elevation, which affects species distribution [44]. Stud-
ies have shown that MAPs often produce varying levels of
secondary metabolites, such as flavonoids, at different eleva-
tions, with potential implications for the medicinal potency
of these plants [45]. This study found that O. decumbens
showed a stronger suitability at lower elevations, suggest-
ing that conservation efforts should prioritize these regions.

Soil properties, specifically silt percentage, also impacted
the distribution of O. decumbens. Silt-rich soils often enhance
moisture retention, nutrient availability, and organic carbon
mass, providing favorable microhabitats, especially in arid
regions [46]. The study found that higher silt content contrib-
uted to increased habitat suitability, as seen in other MAPs,
where soil texture influences water infiltration and plant growth.

This research implemented multiple machine learning
models, including Naive Bayes (NB), quadratic discrimi-
nant analysis (QDA), linear discriminant analysis (LDA),
gradient boosting (XGB), and generalized additive models
(GAM), to enhance habitat suitability predictions. LDA and
QDA exhibited superior predictive power, effectively captur-
ing non-linear relationships and distinguishing habitat suit-
ability classes [47]. NB, known for its computational effi-
ciency, was well-suited for the large datasets characteristic
of ecological studies, as evidenced by previous research on
invasive species mapping [48]. QDA’s strength in modeling
complex data relationships was particularly beneficial for
capturing ecological nuances in habitat distributions [49].

The ROC-AUC metric provided an unbiased measure of
model accuracy, despite potential class imbalances in the
data, an important consideration in ecological studies where
data availability is often limited [50, 51]. Including models
like XGB and GAM facilitated accurate predictions by han-
dling diverse ecological contexts and non-linear relationships
among predictors, ensuring robust and interpretable results.

This study utilizes machine learning algorithms to
enhance the ecological modeling of MAPs, particularly O.
decumbens, by facilitating precise habitat suitability assess-
ments. These models are invaluable for identifying conser-
vation priority areas and guiding efforts toward regions
with optimal conditions for species survival and sustain-
able management. Comparative studies have demonstrated
that advanced machine learning techniques, similar to those
employed in this study, are effective in habitat suitability
modeling. This research highlights the potential of machine
learning to address evolving environmental challenges and
inform proactive conservation strategies for MAPs, fostering
resilience in ecologically and economically valuable species.

5 Conclusion

This study highlights the importance of incorporating
machine learning algorithms into habitat suitability mod-
eling for the medicinal plant O. decumbens, particularly
in response to environmental variability. By applying five
robust models—Naive Bayes (NB), quadratic discrimi-
nant analysis (QDA), linear discriminant analysis (LDA),
generalized additive models (GAM), and extreme gradient
boosting (XGB)—the research identified rainfall, elevation,
and silt content as the most influential environmental pre-
dictors, consistently selected by both Boruta and LASSO
feature selection methods. Among the models, QDA and
LDA exhibited the highest spatial predictive performance
and lowest uncertainty, suggesting their strong potential for
ecological applications in heterogeneous landscapes. The
generated habitat suitability maps revealed spatial hetero-
geneity, with optimal zones primarily located in the north
and northwest of Fars Province. These outputs offer practical
insights for targeted conservation and sustainable cultivation
strategies. While the models showed high accuracy, limita-
tions related to environmental extrapolation and dynamic
land-use changes should be considered when interpreting
the predictions. Overall, this study highlights the potential
of data-driven approaches in spatial information science to
support informed decision-making for medicinal plant man-
agement under current and future environmental conditions.
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