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Weeds pose a significant threat to agricultural productivity, causing economic damage. A comprehen-
sive understanding of the distribution of weed species is essential for formulating efficient management
strategies. Despite its ecological significance, limited research has been conducted on the native Aus-
tralian weed species Button grass (Dactyloctenium radulans). In this study, four species distribution mod-
els (SDMs) were employed to estimate its potential habitat suitability across the entirety of Australia.
The four SDMs used in this study were Maxent, random forest (RF), boosted regression trees, and artifi-
cial neural networks (ANN). We conducted and collected occurrence records from field surveys and also
used historical occurrence records from GBIF with environmental and soil variables to build robust pre-
dictive models. Our results suggested that seasonal temperature and soil pH were critical determinants of
D. radulans distribution, contributing up to 37% of permutation importance. Among the four SDMs, Max-
ent outperformed other models in predictive accuracy (area under the curve=0.90), while RF and ANN
demonstrated distinct advantages in specific contexts. The integration of field and GBIF datasets enabled
us to broaden our scope, and we identified southeastern Australia as a high-risk zone for D. radulans
proliferation. This research underscores the utility of machine learning algorithms, including Maxent in
ecological modelling, providing actionable insights for weed management and habitat restoration.
Crown Copyright © 2026 Published by Elsevier Inc. on behalf of The Society for Range Management.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)
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seedbank. In northern Australia, D. radulans increases the risk
of glyphosate resistance in cotton cropping system due to relay

Introduction

Button grass (Dactyloctenium radulans) (R. Br.) is an Australian
native grass species and an emerging cropping weed (Gradner
1952; Cameron and Storrie 2014). It can emerge in different crop-
ping systems and competes for soil moisture and nutrients, re-
ducing the production potential of subsequent crops (Borger et
al. 2020). This species exhibits high seedbank persistence, with
surface seeds remaining viable for up to 36 months and buried
seeds for 42 months (Chauhan and Manalil 2022). This longevity
contributes to its weedy nature, as it can rapidly replenish its
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on glyphosate herbicide for weed control (Werth et al. 2011). It
possesses a range of environmental stress tolerance, which fur-
ther complicates its management (DPIRD 2017; Asaduzzaman et
al. 2019). Further, a heavy infestation of D. radulans in stockyards
can result in nitrate-nitrite toxicity in sheep and cattle and may
also attract Australian plague locusts (Everist 1981; McKenzie et
al. 2004; Sharp et al. 2019). Thus, the implementation of effective
management strategies are essential to mitigate the impact of this
weed.

Farmers intend to enhance profitability with modern weed
management techniques, including herbicide application. Site-
specific weed management (SSWM) with herbicides is an emerg-
ing approach that aims to optimize weed control while mini-
mizing environmental impact (Shaw 2005). Currently, SSWM also
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integrates weed-sensing systems, decision models, and precision
implements to target specific weed-infested areas (Christensen et
al. 2009; Ghatrehsamani et al. 2023; Sarkar et al. 2024). Further
advancements in technologies, including 3D cameras, multispectral
imaging, followed by machine learning approach, have improved
weed recognition and classification capabilities, making SSWM ap-
proach more economically feasible for farmers (Shorewala et al.
2021; Gerhards et al. 2022). However, challenges remain, includ-
ing the need for accurate prediction for potential future infestation
in suspected hot spots (Christensen et al. 2009), which requires the
integration of robust datasets, advanced modelling techniques, and
consideration of dynamic environmental and biological factors in-
fluencing weeds’ infestation trends.

Species distribution models (SDMs) are popular tools to eval-
uate both the current and potential distribution of targeted
species by analyzing environmental variables alongside spatial
maps (Hengl et al. 2009; Rios et al. 2024). These models aid in
identifying and assessing the influence of various ecological factors
on weed distribution, enabling the prediction of species occurrence
(Franklin 2013). A robust predictive model supports proactive man-
agement by identifying high-risk areas for weed invasion. SDMs
enable researchers to prioritize control measures, thereby optimiz-
ing resource allocation (e.g., SSWM) and minimizing environmen-
tal impact (Bradley et al. 2010; Jiménez-Valverde et al. 2011). SDM
outcomes can further guide habitat restoration by identifying ar-
eas for re-establishing native vegetation, enhancing natural resis-
tance to weed establishment, and spread (Thuiller et al. 2005;
Peterson et al. 2011). While most SDMs rely on existing data to
avoid the high costs associated with extensive survey-based sam-
pling (Powney and Isaac 2015; Johnson et al. 2020), these models
often fail to fully capture the complexity of biotic interactions, such
as competition and predation, which can be essential for accurate
ecological predictions. Furthermore, the reliability of these mod-
els is heavily influenced by the quality of historical data, which
can be biased or inaccurate, thereby compromising the accuracy of
model outputs (Guisan and Thuiller 2005; Peterman et al. 2013;
Fourcade et al. 2014). Addressing these limitations requires incor-
porating detailed ecological data and refining models with tradi-
tional habitat survey information. This integration enhances the
reliability of weed distribution projections and supports improved
decision-making in weed management.

Machine learning models such as random forest (RF), boosted
regression trees (BRT), Maximum Entropy Modelling (Maxent)
and artificial neural networks (ANNs) have become widely used
for predicting species’ habitat suitability due to their flexibility,
robustness and ability to manage and analysis complex high di-
mensional ecological data (Phillips et al. 2006; Franklin 2010; Elith
et al. 2011). Each offer unique strength and different level of pre-
dictive accuracy. For example, RF can accommodate a large number
of predictor variables and capture nonlinear relationships, which
are common in ecological datasets (Cutler et al. 2007; Evans et al.
2011). BRT effectively captures complex nonlinear relationships by
building decision tree, and particularly useful for identifying key
environmental factors in species distribution (Elith et al. 2008).
Maxent, ideal for presence-only data, estimates habitat suitability
by maximizing entropy, providing clear maps and threshold in-
sights for conservation in data-limited areas (Phillips et al. 2006;
Phillips and Dudik 2008). ANN, though less transparent, excel
in handling large, interactive datasets, making them suitable for
complex ecological modelling (Olden et al. 2008). It is generally
recommended to test a range of modelling techniques, as no single
method is universally superior in all contexts (Johnson and Gilling-
ham 2004; Hirzel and Le Lay 2008). Adopting multiple approaches
can enhance predictive accuracy and provide more robust insights
into weed distribution patterns. However, most studies on weed
SDMs focus on individual modelling approaches and provide con-

clusions based on a single method. Previous distribution mapping
of D. radulans has primarily relied on environmental variables.
However, the current understanding of its distribution patterns,
particularly in relation to the interactions among environmental
factors, soil properties, and land-use patterns across Australia,
remains limited. This study presents several novel contributions
to weed ecology and species distribution modelling. This is the
first comprehensive assessment integrating four distinct machine
learning algorithms (Maxent, RF, BRT, and ANN) with a combined
dataset of field surveys and historical records. Second, we incor-
porated soil properties alongside climatic variables, addressing
a critical gap in understanding the edaphic requirements of D.
radulans distribution. Third, our comparative modelling framework
provides methodological insights into algorithm performance for
weed SDMs, contributing to best practices in SSWM. This multi-
faceted approach enables more robust predictions and provides
a validated framework for modelling this emerging weed species
in Australian cropping systems and to addresses these knowledge
gaps by investigating three key research questions:

(1) Which environmental and soil parameters are crucial determi-
nants of D. radulans habitat suitability?

(2) Which modelling approach yields superior predictive accuracy
in generating habitat suitability maps?

(3) Based on the optimal predictive model, which geographical ar-
eas should be prioritized for D. radulans management?

To achieve these objectives, this research integrates both phys-
ical survey data and historical records to evaluate multiple mod-
elling techniques, thereby providing a comprehensive assessment
of predictive accuracy.

Methods
Collection of occurrence records

Field surveys to record the occurrence and absence of D. radu-
lans were conducted in November 2019, focusing on cotton-
growing regions in northern New South Wales (NSW), Australia.
The study area includes agricultural landscapes characterized by
cotton production and related land-use practices. A systematic
sampling approach was employed to ensure representative cover-
age of the area (Asaduzzaman et al. 2018). GPS coordinates for
the 47 sampling sites were recorded using a handheld GPS device
(Garmin GPSMAP 67 series) (Figs. 1 and 2). Among the sampling
sites, 22 were recorded as presence locations and 25 as true ab-
sence locations. Images of the species occurring in the landscapes
were also collected. All field data collection and sampling protocols
adhered to ethical guidelines and permissions from relevant au-
thorities and landowners/managers. Data sharing and confidential-
ity were maintained throughout the study to protect sensitive in-
formation and comply with privacy regulations. In addition to our
existing field survey, we collected occurrence records of D. radu-
lans from the GBIF (gbif.org) database using the “spocc” package in
R (Chamberlain 2021). Erroneous and duplicate points within each
1 km? raster grid were removed from the original dataset. After
combining with field-surveyed occurrence points, we had 187 lo-
cations for further analyses.

Environmental and bioclimatic data

To depict current climate conditions, we used 19 bioclimatic
variables from the WorldClim database (worldclim.org) (Table 1),
spanning almost 45 years (1970-2015) (Fick and Hijmans 2017).
The datasets spatial resolution was approximately 1 km2. We also
obtained a digital elevation model (about 1 km?) from the World-
Clim database and computed the slope using the “raster” package
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Figure 1. Spatial distribution of Dactyloctenium radulans occurrence records: Field
survey data (blue) and GBIF.org records (black) overlayed on mean elevation from
sea level (WorldClim.org) for Cotton-Growing Regions of Australia. The elevation
data is shown as a gradient (indicating elevation levels from sea level to higher al-
titudes), which can provide context for understanding how D. radulans distribution
correlates with topographic features.

Figure 2. Field survey of Dactyloctenium radulans infestation in cotton fields. Left:
Cotton field with D. radulans co-occurring with other weed species. Right: Cotton
field heavily infested with D. radulans, indicating severe competition for resources.

for R (Hijmans 2020). The land-use data is vital for modelling and
forecasting the habitats of D. radulans as it is found in both agri-
cultural and nonagricultural regions of Australia (Asaduzzaman et
al. 2018). We obtained 20-year (2001-2020) average land cover
of the Terra and Aqua combined Moderate Resolution Imaging
Spectroradiometer (MODIS) Land Cover Type (MCD12Q1) Version
6 data (Friedl and Sulla-Menashe 2019) using the Google Earth
Engine platform (Gorelick et al. 2017). We selected the classifi-
cation scheme of the Annual International Geosphere-Biosphere
Programme (IGBP), which includes 17 distinct land-use categories
such as forests and croplands (Friedl and Sulla-Menashe 2019),
which were aggregated to five common land cover types. The
data, with a 500 m? resolution, was transformed to WGS84 (EPSG:
4326) and aligned with bioclimatic variables through resampling
(Friedl and Sulla-Meanashe 2022). The land-use data is crucial for
modelling and forecasting the habitats of D. radulans, as the species
is found across both agricultural and nonagricultural regions of
Australia (Asaduzzaman et al. 2018). We also collected nine soil at-
tributes (Table 1) representing the average values of top 60 cm soil
from the Soil and Landscape Grid National Soil Attribute Maps by
CSIRO (Rossel et al. 2015) from Google Earth Data Catalog (Gorelick
et al. 2017). All the data were rescaled to approximately 1 km? to
match the bioclimatic layers and were used as predictors for sub-
sequent model building.

Table 1
Descriptions of bioclimatic, topographic, and soil variables selected for modelling
habitat suitability of Dactyloctenium radulans in Australia.

SL Code Name Unit
1 bio1l Annual mean temperature °C
2 bio2 Mean diurnal range (mean of monthly [max °C
temp-in temp])
3 bio3 Isothermality (Bio2/Bio7) (x100)
4 bio4 Temperature seasonality (standard °C
deviation x 100)
5 bio5 Max temperature of warmest month °C
6 bio6 Min temperature of coldest month °C
7 bio7 Temperature annual range (BIO5-BIO6) °C
8 bio8 Mean temperature of wettest quarter °C
9 bio9 Mean temperature of driest quarter °C
10 bio10 Mean temperature of warmest quarter °C
11 bio11 Mean temperature of coldest quarter °C
12 bio12 Annual precipitation mm
13 bio13 Precipitation of wettest month mm
14 bio14 Precipitation of driest month mm
15 bio15 Precipitation seasonality (coefficient of 1
variation)
16 bio16 Precipitation of wettest quarter mm
17 bio17 Precipitation of driest quarte mm
18 bio18 Precipitation of warmest quarter mm
19 bio19 Precipitation of coldest quarter mm
20  soill pH -
21 so0il2 Sand %
22 soil3 Silt %
23 soil4 Clay %
24 soil5 Soil organic carbon %
25 s0il6 Available water capacity %
26 soil7 Effective cation exchange capacity meq/100 g
27 s0il8 Total nitrogen
28 soil9 Total phosphorus %
29 elv Elevation m
30 e Land use category -

Addressing sampling bias and spatial autocorrelation

To address potential sampling bias in GBIF data (Beck et al.
2014; Fourcade et al. 2014), we applied spatial thinning by re-
moving duplicate records within each 1 km? raster cell, reducing
overrepresentation from well-sampled areas (Aiello-Lammens et al.
2015). For background point selection in Maxent, we drew 10 000
background points at random from locations where other grass
species were recorded in GBIF. This approach reduces sampling
bias by aligning background selection with areas that share similar
collection effort. However, because model evaluation used random
partitioning rather than spatially explicit cross-validation, residual
spatial autocorrelation may influence performance estimates. We
acknowledge this as a limitation, particularly in historically under-
sampled regions such as Western Australia. Another technical rea-
son for not using spatial blocking techniques, such as the checker-
board method or blockCV, is that our occurrence records were rel-
atively sparse. Applying these methods would result in very few
records per block, making model training unstable and complicat-
ing fair comparisons among algorithms like Maxent, RF, BRT, and
ANN.

Modelling techniques

We selected Maxent, RF, BRT, and ANN based on their estab-
lished performance in species distribution modelling and distinct
algorithmic strengths (Elith et al. 2006; Cutler et al. 2007; De’ath
2007; Olden et al. 2008). Maxent was chosen for its proven
efficacy with presence-only data and widespread application in
ecological studies (Phillips et al. 2006). RF and BRT were se-
lected for their ability to handle complex nonlinear relationships
and variable interactions common in ecological datasets (Elith
et al. 2008). ANN was included to capture potential high-order
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interactions that tree-based methods might miss (Lek and Guégan
1999). While ensemble approaches and algorithms such as Support
Vector Machines, XGBoost have demonstrated utility in species
distribution modelling (Thuiller et al. 2009; Valavi et al. 2019), we
did not include them because our primary objective was to assess
algorithm-specific performance and interpretability for this under-
studied weed species. The four selected models represent distinct
methodological paradigms: presence-only, tree-based, boosting,
and neural networks. This diversity enables a comprehensive
comparison. Our approach enables us to 1) evaluate individual al-
gorithm strengths and weaknesses, 2) provide transparent insights
into variable importance across different modelling frameworks,
and 3) establish baseline performance metrics for future en-
semble applications. Furthermore, recent meta-analyses suggest
that well-tuned individual models often perform comparably to
ensemble predictions, particularly when data quality is high (Hao
et al. 2019). Therefore, our strategy allows identification of the
single best-performing model, which is computationally efficient
for operational management applications where rapid updates are
required (Valavi et al. 2019).

Maxent modelling approach

The Maxent algorithm requires background locations where the
species were not present, and we randomly choose 10 000 points
as background points. The data was split into an 80% training
set and a 20% testing set. We fine-tuned the model using cross-
validation, a grid search method, and the Maxent algorithm from
the SDMtune package (Vignali et al. 2020). We evaluated a model
with different combinations of regularization multiplier (RM) val-
ues and feature class (FC) combinations. RM values were used to
smooth the model, penalizing more complex models with higher
RM values and resulting in simpler models (Elith et al. 2011). We
tested seven feature class combinations, viz., L, LQ, LH, LQP, LQPH,
and LQHPT. L represents linear, Q represents quadratic, H rep-
resents hinge, P represents product, and T represents threshold.
Therefore, constructing one model for each of 19 RM values (0.2-
2.0, increment of 0.1) and 6 FC combination resulted in 114 mod-
els. We utilized the area under the curve (AUC) values for model
validation (Radosavljevic and Anderson 2014; Kass et al. 2021).

To address multicollinearity among predictor variables, we ap-
plied a data-driven variable selection procedure implemented in
SDMtune package (Vignali et al. 2020), which iteratively removes
highly correlated variables (Spearman |p| > 0.7) based on permu-
tation importance and AUC. This approach is widely used in single-
species SDM studies where interpretability of original predictors is
critical (Dormann et al. 2013). We made further adjustments to
exclude less important variables (permutation importance of less
than 5) based on the final model settings (RM: 1; FC: LQPH). The
final model’s enactment was estimated using the completely con-
cealed test data set.

We used the final variables selected in Maxent, which already
addressed multicollinearity issues. This approach ensures fair and
stable comparisons among algorithms and prevents instability that
could arise from using different datasets.

Random forest

One of the most accurate models for classification or regression
trees is RF, which creates several decor-related regression trees us-
ing a bagging technique after selecting numerous subsamples from
the data using bootstrap aggregation (Breiman 2001). To ensure
that every tree in the forest is dependent on randomly selected
values, RF combines tree predictors to provide a comparable dis-
tribution for every tree in the forest (Breiman 2001). We used
RF to create an ensemble of unpruned classification or regression
trees using bootstrap samples and randomly selected features dur-
ing tree induction. We set Mtry to 2, optimizing the balance be-

tween randomness and predictive power. The RF model consisted
of 400 decision trees, each contributing to the overall prediction
based on a subset of the training data. The trained RF model was
evaluated using the test dataset to assess its performance in pre-
dicting weed presence and absence across different environmental
and soil conditions. The performance measurements used included
accuracy, sensitivity, specificity, and the area under the receiver op-
erating characteristic curve (AUC-ROC).

Boosted regression trees

The combined dataset was partitioned into training and test-
ing subsets, preserving the distribution of D. radulans’ presence and
absence instances. For training the BRT model, the model consisted
of 700 regression trees, each contributing to the overall prediction
based on a subset of the training data. We limited the interaction
depth to 1, controlling the complexity of the model and prevent-
ing overfitting. The shrinkage parameter was set to 0.1, controlling
the contribution of each tree to the final prediction and improv-
ing model stability. We used a bag fraction of 0.5, indicating the
proportion of training data randomly sampled at each iteration to
build individual trees. The trained BRT model was evaluated us-
ing the test dataset to assess its performance in predicting weed
presence and absence across different environmental and soil con-
ditions. The model’s predictive performance was assessed using ac-
curacy, sensitivity, specificity, and AUC-ROC. In the BRT model, we
used the “dismo” package v1.3-14 (Ridgeway 2006) with an addi-
tional recommended configuration code by Elith et al. (2008).

Artificial neural network

The unified dataset was divided into training and testing
subsets, preserving the distribution of D. radulans’ presence and
absence instances. The decay parameter, set to 0.1, controls the
rate at which weights in the network are adjusted during training,
preventing overfitting and improving generalization. The range
parameter, set to 0.7, determines the range of initial weight val-
ues, influencing the model’s learning dynamics and convergence
speed. The maximum number of iterations (maxit) was set to 300,
defining the maximum number of training epochs or iterations
during model training. The trained ANN model underwent rigorous
validation using the test dataset to accurately assess its ability to
predict weed presence. The model’s effectiveness and robustness
were assessed using performance metrics including accuracy,
sensitivity, specificity, and AUC-ROC.

Habitat suitability map of D. radulans

After evaluating the models, the best model was used to es-
timate the probability map of habitat suitability. This map rang-
ing from O to 1, representing the probability of species habitat
suitability, with 0 indicating the lowest probability and 1 indicat-
ing the highest probability of species occurrence. For interpret-
ing the map more clearly this map was further categorized into
five habitat suitability groups: 1) not appropriate (<0.20), 2) least
suited (0.21-0.40), 3) moderate (0.41-0.60), 4) high (0.61-0.80),
and 5) extremely high (>0.80) (Qin et al. 2017; Abdelaal et al.
2019; Mandal et al. 2023). The areas for each suitability class were
calculated in square kilometers, along with the corresponding per-
centage changes.

Results
Variable importance under current scenario

The variable importance analysis provided key insights into
the primary factors influencing weed distribution, highlighting the



112 M. Asaduzzaman, M.S.H. Mandal and E. Koetz et al./Rangeland Ecology & Management 106 (2026) 108-119

Table 2
Variable permutation importance in different models.
Variable ANN BRT Maxent RF
Importance Sd Importance Sd Importance Sd Importance Sd
bio2 14.6 0.002 11.2 0.001 8.9 0.003 41 0.000
bio4 321 0.001 30.7 0.007 371 0.013 34.8 0.003
bio14 - - - - 8.1 0.00 - -
bio18 33.7 0.002 14.7 0.004 15.9 0.004 6.3 0.001
soill (pH) 19.7 0.000 31.6 0.002 30.0 0.001 334 0.001
s0il8 0.0 0.000 11.9 0.002 - - 214 0.001
Table 3
Threshold evaluation and performance metrics for Maxent, RF, BRT, and ANN.
Model Threshold Cloglog value Fractional predicted area Training omission rate Test omission rate P values
Minimum training presence 0.000 0.975 0.000 0.000 0.000
Equal training sensitivity and specificity 0.008 0.217 0.001 0.000 0.000
ANN Maximum training sensitivity plus specificity 0.028 0.087 0.002 0.000 0.000
Equal test sensitivity and specificity 0.007 0.243 0.001 0.000 0.000
Maximum test sensitivity plus specificity 0.007 0.241 0.001 0.000 0.000
Minimum training presence 0.000 0.995 0.000 0.000 0.000
Equal training sensitivity and specificity 0.018 0.109 0.001 0.000 0.000
BRT Maximum training sensitivity plus specificity 0.017 0.114 0.001 0.000 0.000
Equal test sensitivity and specificity 0.010 0.171 0.000 0.000 0.000
Maximum test sensitivity plus specificity 0.009 0.183 0.000 0.000 0.000
Minimum training presence 0.005 0.802 0.000 0.000 0.000
Equal training sensitivity and specificity 0.197 0.153 0.001 0.000 0.000
Maxent Maximum training sensitivity plus specificity 0.168 0.176 0.001 0.000 0.000
Equal test sensitivity and specificity 0.151 0.192 0.001 0.000 0.000
Maximum test sensitivity plus specificity 0.142 0.202 0.110 0.000 0.000
Minimum training presence 0.592 0.000 0.002 0.000 0.000
Equal training sensitivity and specificity 0.593 0.000 0.002 0.000 0.000
RF Maximum training sensitivity plus specificity 0.593 0.000 0.002 0.000 0.000
Equal test sensitivity and specificity 0.010 0.091 0.000 0.000 0.000
Maximum test sensitivity plus specificity 0.013 0.072 0.000 0.000 0.000

most significant predictors for habitat suitability (Table 2). For in-
stance, seasonal temperature (bio4) and soil pH (soil1) were iden-
tified as crucial factors, contributing 37% and 30%, respectively, to
the overall permutation importance. Both RF and BRT models fur-
ther validated the importance of these variables in predicting habi-
tat suitability for D. radulans. In contrast, ANN model indicated
that precipitation during the warmest quarter (bio18) was a more
dominant predictor than soil pH, accounting for approximately 34%
of the permutation importance. Additionally, other environmental
variables, such as the mean diurnal range (bio2), were consistently
recognized as important, contributing 4% to 15% of the permuta-
tion importance across all four models, depending on the model
type.

The jackknife test was used to further evaluate the importance
of various predictor variables (Fig. 3). When tested individually,
among variables, bio4 and soill yielded the highest for all four
models. The models’ resilience to the exclusion of each variable
suggests that it is not overly reliant on any single predictor. This
redundancy indicates that these variables are robust, with a flex-
ible structure that allows for accurate predictions even if certain
predictors are unavailable.

Thresholds, predictive capabilities, and model reliability

Threshold values obtained from four models were carefully se-
lected to balance sensitivity and specificity in predictions. The
comparative analysis of the Maxent, RF, BRT, and ANN models re-
veals distinct patterns in cloglog values, fractional predicted areas,
omission rates, and statistical significance across varying thresh-
old criteria (Table 3). All models demonstrated statistical signif-
icance and zero omission rates across thresholds, indicating ro-
bust predictive accuracy. Maxent showed the most balanced per-
formance, with consistent cloglog values (0.005-0.197) and low
fractional predicted areas (0.001 for most thresholds, rising only

to 0.110 at the maximum test sensitivity plus specificity), demon-
strating adaptability across sensitivity and specificity requirements.
In comparison, RF produced higher cloglog values (above 0.592)
for training-oriented thresholds and lower values (0.010-0.013) for
test-oriented thresholds, with a stable fractional predicted area
of 0.002, dropping to 0.000 for certain test thresholds. BRT ex-
hibited the widest range in cloglog values (from 4.32e - 05 to
0.1833), with most thresholds maintaining a low predicted area
(0.001), though the minimum training presence reached a high
of 0.995, suggesting greater sensitivity to threshold adjustments.
ANN also performed consistently, with cloglog values from 7.98e -
05 to 0.243 and fractional predicted areas between 0.000 and
0.002. Overall, Maxent stands out for its balance and flexibility,
while RF and ANN deliver stable but less adaptable performance.
BRT’s broader threshold sensitivity makes it suitable for applica-
tions needing extended spatial predictions under minimal presence
criteria.

Model performance and AUC ratio

We evaluated single SDMs like Maxent, RF, BRT, and ANN
demonstrated good predictive abilities with mean AUC values
ranging from 0.92 to 0.95 and accuracy scores within acceptable
ranges (Fig. 4). The RF and ANN showed sensitivity to iterations,
with RF frequently demonstrating better predictive performance.
The modelling method impacted predicted potential distributions
for an independent area. The AUC yielded consistent outcomes
across all models. The AUC values for D. radulans, for instance,
are approximately 0.90 despite the result clearly demonstrating a
difference. The results indicated that the average AUC values for
D. radulans were all greater than 0.90 for the four models. Even
with a high AUC value, not every model built using the training
dataset could accurately predict the presence of the studied species
in some known locations where it exists (Fig. 4). For example, the
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Figure 3. The jackknife test evaluated the importance of various predictor variables. The performance of each variable was assessed under two conditions: using each

predictor in isolation (with) and excluding each predictor from the model (without).

AUC for D. radulans in the RF and BRT models was 0.90 and 0.92,
respectively, while only 0.90 in the Maxent model.

Comparison of habitat suitability predictions

The Maxent model predicted the largest area of suitable habi-
tat, particularly in southeastern Australia, with smaller areas in
the east and northeast (Fig. 5). It identified broader suitable re-
gions, especially in higher-elevation, ecologically complex areas.
In contrast, the BRT model offered a more conservative predic-
tion, with few areas reaching moderate suitability and limited to
small patches in eastern Australia. RF provided a more moderate

estimate, identifying a few moderately suitable patches in eastern
and northern Australia, offering a balance between the expansive
Maxent model and the restrictive BRT model. ANN showed a frag-
mented distribution of suitable areas, with patterns similar to RF.
Figure 6 illustrates the habitat suitability of D. radulans across
Australia based on Maxent modelling, with detailing the distribu-
tion of suitability classes (Appendix Al). The majority of the land-
scape (6549017km? or 78.5%) is classified as not suitable, pri-
marily covering the arid regions of central and western Australia,
where low precipitation and poor soil fertility inhibit the weed’s
establishment. In contrast, approximately 1 036 529 km? (12.4%) is
deemed suitable, with varying degrees of suitability. Least suitable
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Figure 4. The receiver operating characteristic (ROC) curve for (A) ANN, (B) BRT, (C) Maxent, and (D) RF, with the y-axis representing sensitivity and the x-axis representing
the false positive rate (1—specificity). The straight dotted line indicates the behavior of a random classifier.

areas (543 888 km? or 6.5%) are in transitional zones between arid
and semiarid regions, while moderate suitability (237 550km?2 or
2.9%) is concentrated in the eastern coastal plains and inland ar-
eas with moderate rainfall. High suitability (131328 km?2 or 1.6%)
is found in agriculturally significant regions such as the Murray-
Darling Basin and NSW, whereas very high suitability (123 763 km?
or 1.5%) is concentrated in southeastern Australia, where optimal
climatic and soil conditions support the weed’s growth.

Discussion

Projecting the distribution of species richness is a challenging
task, and SDMs provide an initial representation of species ranges
that require continuous updates as new data becomes available
or environmental conditions shift (Guisan and Thuiller 2005).
Models based solely on environmental variables may overes-
timate species ranges, as they fail to consider factors such as
historical absences, dispersal barriers, soil, or biotic interactions
(Pulliam 2000; Jiménez-Valverde et al. 2008). Therefore, creating
an accurate demonstration of species richness requires a thorough

analysis to identify areas of omission and incorporate presences
in locations where predictions did not anticipate their occurrence
(Heikkinen et al. 2014). We conducted an in-depth process of
model refinement and selection to identify the most effective
predictive models for weed distribution, focusing on four machine
learning techniques. The models were optimized through careful
parameter adjustments and variable selection to improve their
robustness against collinearity between predictors, which could
otherwise distort the results. Our collinearity analysis showed no
significant correlations among the chosen variables, confirming
the models’ validity and reliability. The high AUC values across
all models reflect their ability to distinguish suitable habitats for
weed species from unsuitable ones, despite slight differences in
performance. For example, while Maxent and RF models exhib-
ited comparable AUC values for BRT and ANN models appeared
more sensitive to environmental variations, which aligns with
findings from past research indicating that these algorithms excel
in modelling complex ecological phenomena (Elith et al. 2008).
Nevertheless, it is essential to note that high AUC values alone
do not guarantee accurate predictions in real-world conditions, as
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Figure 5. Comparative habitat suitability predictions for Dactyloctenium radulans across Australia using four machine learning models: (A) Maxent, (B) RF, (C) BRT, and
(D) ANN. State boundaries are shown for reference. Coordinate system: WGS84 (EPSG: 4326). Note differences in spatial extent of predicted suitable areas, with Maxent

identifying the broadest distribution, particularly in southeastern regions.

evidenced by some models’ inability to predict weed presence in
known locations (Lobo et al. 2008; Peterson et al. 2011).

The variable importance revealed that climatic and edaphic
factors significantly influence the distribution of D. radulans. Across
all models, seasonal temperature (bio4) and soil pH (soill) were
consistently identified as critical predictors, contributing between
30% and 37% of the permutation importance. These results align
with previous studies emphasizing the pivotal role of temperature
and soil conditions in determining species distributions (Peterson
et al. 2011). The results further align with Asaduzzaman et al.
(2019), who demonstrated that temperature is a key factor in
germination and emergence of D. radulans and that this species
can withstand various soil pH levels (Asaduzzaman et al. 2019).
Interestingly, precipitation of the warmest quarter (bio18) emerged
as the most influential variable in the ANN model, highlighting
the model’s sensitivity to precipitation-related parameters. The
differences in variable importance across models reflect the unique
strengths of each algorithm in capturing species-environment re-
lationships. For instance, Maxent and RF placed greater emphasis
on temperature and soil variables, ANN demonstrated higher
sensitivity to precipitation, suggesting that neural networks may
be better suited for capturing complex nonlinear relationships

between environmental variables and D. radulans distributions.
This variation across models reinforces the importance of using
multiple modelling techniques to account for the diverse range of
ecological factors influencing species distribution. A key aspect of
model performance was the evaluation of threshold values to bal-
ance sensitivity and specificity. The BRT exhibited a wider range
of threshold sensitivities, which can be useful for applications
requiring minimal presence criteria but may introduce noise in
areas with low species occurrence. The species response curve
to different variables used for modelling reveals the relationship
between environmental variables and suitable habitat for D. radu-
lans. This highlights the potential of using multiple bioclimatic and
soil variables in a complementary manner to effectively predict D.
radulans distribution. The insights gained from this analysis can
inform future studies aiming to optimize ecological niche models,
particularly in contexts where predictor data may be limited or
uncertain. Further, the Maxent model showed consistent cloglog
values and low fractional predicted areas, making it the most
adaptable to different threshold settings. Earlier research showed
that Maxent has consistently demonstrated its effectiveness as
a modelling tool (Elith et al. 2006; Graham and Hijmans 2006;
Hernandez et al. 2006). It is particularly notable for its perfor-
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Figure 6. Predicted habitat suitability of Dactyloctenium radulans across Australia
based on the best-performing Maxent model. Northern NSW and North-Western
NSW (yellow to mauve), and particularly the Murray-Darling Basin-based cotton-
growing regions of New South Wales, show the highest habitat suitability.

mance in dealing with spatial uncertainty in species occurrence
data, even when there are as few as four records. This makes
Maxent a valuable tool for modelling a wide range of species,
especially when dealing with limited or imprecise location data.

The integration of field survey data with GBIF data allowed
for a comprehensive assessment of weed distribution across dif-
ferent spatial and temporal scales. The overlap between occur-
rence points from both datasets enhanced confidence in the relia-
bility of the predicted distributions. This integration highlights the
value of combining datasets with complementary strengths field
survey data provide detailed, localized insights, while GBIF data
offer broad spatial and temporal coverage. Such approaches are
increasingly recognized as essential for robust ecological assess-
ments, particularly in the context of invasive species management
(Beck et al. 2022). However, discrepancies between the datasets
also revealed potential sources of bias and uncertainty. Areas with
only red (field survey) or blue (GBIF) dots could indicate sam-
pling biases, differences in data collection methods, or variations
in D. radulans’ habitat preferences. Investigating these discrepan-
cies is crucial for refining predictive models and improving data
reliability. Understanding these discrepancies provides a deeper in-
sight into the limitations and strengths of each dataset (Lobo et al.
2008). Integrating field surveys with data from the GBIF can sig-
nificantly enhance the understanding of weed distributions. This
combination not only validates and refines predictive models but
also helps identify priority areas for management actions and im-
proves the overall reliability of ecological data (Tingley et al. 2012).
By merging datasets, researchers can leverage the strengths of each
and overcome individual limitations, leading to more robust eco-
logical assessments (Peterson et al. 2011). Furthermore, validating
GBIF data against field surveys using expert knowledge can en-
hance confidence in the model outcomes, as highlighted in previ-
ous ecological studies (Yoccoz et al. 2001). Future research should
focus on developing methods to harmonize disparate datasets and
address temporal inconsistencies, thereby enhancing the reliability
of ecological predictions (Aratijo and Guisan 2006).

The habitat suitability analysis identifies southeastern Australia
as a critical hotspot for the potential spread of D. radulans, driven
by favorable conditions such as high precipitation, moderate tem-
peratures, and fertile soils. The Murray-Darling Basin emerges as a
particularly vulnerable region, where the weed could pose a signif-

icant threat to native ecosystems and agricultural productivity. Ad-
ditionally, fragmented zones of moderate to high suitability along
the eastern Queensland coast indicate that D. radulans may cap-
italize on localized environmental factors, such as seasonal rain-
fall and soil pH, necessitating targeted monitoring to prevent fu-
ture invasions. Although 78.5% of Australia is classified as unsuit-
able for the weed, its ability to establish in specific high-risk re-
gions highlights the need for early detection and localized man-
agement. This distribution aligns with prior research highlighting
the species’ preference for semiarid to moderately wet regions
with fertile soils and moderate elevations. Additionally, fragmented
zones of moderate to high suitability were observed along the east-
ern Queensland coast, influenced by localized factors such as pre-
cipitation and soil pH. The high predictive accuracy of the Maxent
model (AUC=0.90) underscores its effectiveness in identifying po-
tential invasion zones, guiding weed management efforts. Future
research should integrate climate change scenarios to refine dis-
tribution predictions and enhance control measures through real-
time environmental monitoring, particularly in vulnerable agricul-
tural areas.

Management implications and policy recommendations

The identification of southeastern Australia and the Murray-
Darling Basin as high-risk zones (Fig. 6) indicates the neces-
sity for targeted programs and early detection systems in these
regions. We recommend establishing a tiered management ap-
proach: 1) intensive monitoring in very high suitability zones cov-
ering 123763 km?, particularly in cotton-growing regions of NSW;
2) preventive measures in high and moderate suitability areas
(368878 km?) to prevent establishment, and 3) exclusion proto-
cols to prevent introduction into currently unsuitable areas that
may become vulnerable under changing climatic conditions. Re-
search demonstrated that the integration of SDM outputs with
SSWM technologies presents significant opportunities for preci-
sion herbicide application, potentially reducing chemical inputs
by 40%-60% while maintaining control efficacy (Gerhards et al.
2022). Agricultural extension services should prioritize training
programs for growers in high-risk regions, emphasizing the im-
portance of seedbank management given D. radulans’s buried seed
viability.

From a policy perspective, we recommend: 1) incorporating
SDM-based risk maps into biosecurity planning and regional weed
management strategies; 2) establishing mandatory reporting sys-
tems in high-risk zones to track population expansion; 3) funding
research on herbicide resistance management given the risk in
cotton systems (Werth et al. 2011) and 4) developing climate-
adaptive weed management guidelines that account for shifting
habitat suitability under future scenarios. These habitat suitability
maps should be integrated into existing decision support sys-
tems to guide resource allocation and management priorities.
Integration with ecological succession principles further offers
additional management opportunities. In disturbed agricultural
landscapes, promoting rapid establishment of competitive crop
species and cover crops can exploit similar niche requirements as
D. radulans, thereby reducing invasion success (Davis et al. 2000).
The identification of soil pH (30% permutation importance) and
temperature seasonality (37% importance) as key determinants
enables predictive targeting of lime application in acidic soils to
reduce habitat suitability while improving crop productivity—a
win-win strategy for integrated management.

Conclusion

This study represents the first comprehensive effort to map and
model the potential distribution of D. radulans across Australia. Key
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environmental factors, including seasonal temperature, soil pH, and
precipitation patterns, have been identified, underscoring the po-
tential for more targeted and efficient weed control measures. D.
radulans is an emerging weed in Australia that poses significant
threats to cropping systems, particularly cotton production. This
study provides the first comprehensive, multimodel assessment of
D. radulans habitat suitability across Australia, integrating field sur-
veys with historical records to develop robust predictive models.
Our findings demonstrate that seasonal temperature (bio4) and
soil pH (soil1) are critical determinants of distribution, collectively
contributing up to 67% of permutation importance across mod-
els. Among the four machine learning approaches evaluated, Max-
ent exhibited superior predictive accuracy (AUC =0.90) and greater
adaptability to varying threshold requirements, though ensemble
approaches may further enhance prediction reliability. The high
adaptability of D. radulans to diverse climatic conditions presents
a significant risk for establishment in new regions, a concern pre-
viously noted by Asaduzzaman et al. (2018). The vulnerability of
specific areas, such as southeastern Australia, where the species
may thrive, thus supporting efforts to increase awareness and pro-
vide targeted education and training for local farmers. As cotton
is a primary crop within the surveyed region, fostering sustainable
agricultural practices is crucial. Raising awareness among growers,
policymakers, and the public is essential to effectively manage this
resilient small-seeded weed.

Limitations and future directions: By integrating ground-truth
data with historical records, our findings offer valuable insights for
enhancing management strategies, particularly by predicting and
understanding the D. radulans’ spread across varied environmen-
tal contexts. However, several constraints should be acknowledged
these includes the sampling bias remains inherent in GBIF datasets,
with potential underrepresentation in remote regions despite our
spatial thinning protocols (Beck et al. 2014). The reliance on AUC
and TSS is appropriate; however, these metrics alone may be in-
sufficient. Future analyses should consider incorporating additional
evaluation measures (e.g., Kappa, specificity) to provide a more
comprehensive assessment. The biotic interactions, such as compe-
tition, herbivory, and soil microbial communities, were not explic-
itly modelled, which may influence realized distributions beyond
our abiotic predictions (Wisz et al. 2013). The temporal dynamics
in land use and agricultural intensification were not incorporated,
though these significantly affect weed establishment opportunities
(Booth and Swanton 2002). Future research on D. radulans should
incorporate climate change projections under Representative Con-
centration Pathways (RCPs) and Shared Socioeconomic Pathways
scenarios to assess shifting habitat suitability in southeastern Aus-
tralia and validate model predictions with independent field sur-
veys. Integrating crop rotation and management intensity as pre-
dictors, alongside temporal analyses of population spread, would
enhance model accuracy and support adaptive management. Cou-
pled with cost-benefit assessments of model-informed strategies,
these approaches can guide evidence-based policy and practical
decision-making, strengthening weed management and sustain-
ability across Australian agricultural landscapes.
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Appendix

Al. Area (km?) of the suitability classes estimated based on
Maxent model.

Suitability classes Pixel count Area (km?)

Not suitable 9 015 687 6 549 017

Least suitable 748 743 543 888

Moderate suitable 327 023 237 550

High 180 793 131 328

Very high 170 379 123 763
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