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Abstract. Utomo SW, Wibowo AA, Lestari F. 2025. Modelling drought-tolerant Sorghum bicolor distributions in Eastern Indonesia
using machine learning approaches. Intl J Trop Drylands 9: 99-110. Tropical arid ecosystems require alternative species that are
drought-tolerant. Sorghum bicolor (L.) Moench has been considered an alternative, drought-tolerant species. Despite its resistance to
drought, information on the potential distribution of sorghum is very limited. This information is very important, especially in arid
eastern Indonesia, where sorghum is nominated as an alternative species to sustain food security. This study aims to model the potential
distribution of S. bicolor using machine learning (random forest), geoclimate (Bioclim), and statistical methods (GAM/GLM) on five
arid islands, including Lombok, Sumba, Sumbawa, Flores, and the Timor Islands, Indonesia. Area Under Curve (AUC) was used to
evaluate model performance. In general, all the models confirm that Timor, followed by Sumbawa and the Flores Islands, have large,
suitable areas for sorghum. It is estimated that up to 99.71% of arid island ecosystems in eastern Indonesia are suitable for sorghum. The
geoclimate and machine learning models generated the highest values for AUC in comparison to statistical methods in which the
Domain model is 0.962, SVM is 0.903, and both GLM and GAM are 0.894. It is important for plant cultivation planning to consider
species distribution modeling and not rely on any single modeling method. The plant cultivation should evaluate the performance of all
available models for their crops and area of interest, and select the best representative methods to develop an accurate and representative

sorghum crop distribution model.
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INTRODUCTION

The region in eastern Indonesia, which includes the five
islands of Lombok, Sumbawa, Sumba, Flores, and Timor
Islands, is distinguished by a dry climate and a
predominance of desert habitats. Grasslands and shrublands
predominate in these tropical habitats. El Nino has
extended the dry seasons in this area and risked the supply
of crops, particularly rice, when combined with the region's
arid environment. 8,400 hectares of rice fields were
impacted by the last El Nino, indicating that rice is a crop
that is sensitive because of the dry circumstances on
Lombok Island (Yasin et al. 2004). Six rivers, water
catchment regions, and irrigation systems of Timor Island
had water shortfalls as a result of El Nino, leaving
insufficient acreage for rice growing.

The circumstances that eastern Indonesia went through
between 1980 and 2020—roughly 13 extremely dry
seasons—are what caused this susceptibility (Yanti et al.
2022). In eastern Indonesia, 25.46% of all natural disasters
have been caused by drought. Low rainfall seasons that last
for four months have put agricultural operations in general
and rice cultivation in particular at risk. Annual rainfall
rates in the region have dropped as low as 1,900 mm,
compared to the 2,702 mm national average. One significant
abiotic stressor that reduces agricultural production and
output is drought. It regularly affects all major crops and
occurs in large parts of the planet. Severe droughts severely

reduce agricultural yields and quality, and in food-insecure
areas, they can cause famine (Akbar et al. 2021). One of the
potential alternative crops to replace conventional drought-
sensitive rice is sorghum (Sorghum bicolor (L.) Moench).

The semi-arid and desert regions are home to about 500
million people who live in impoverished nations and have
made sorghum (S. bicolor) their main species to be
cultivated. Sorghum has a high fiber and protein content
and is devoid of gluten (McCann et al. 2015; Impa et al.
2019). Scientific data indicates that sorghum possesses
nutrients comparable to those of rice. In addition to
providing nutrients for human consumption, sorghum is
also collected and used as a feedstock for the production of
bioethanol (Mathur et al. 2017).

Sorghum has been harvested recently and is now grown
all over the world. Most sorghum is planted in dry, semi-
arid areas with limited water supplies. For instance,
according to Hadebe et al. (2017), 60% of the land in Sub-
Saharan Africa used to grow sorghum is thought to be
susceptible to recurrent droughts. Similarly, 80% of
sorghum grown in the United States is grown without
irrigation, where water is a major limiting factor and yields
are significantly lower. Sorghum's advantages were linked
to its decreased water needs. In a location with low annual
rainfall rates of 300 mm, sorghum is expected to require
merely a minimal water input of 350/400 mm/yr (Ruiz-
Giralt et al. 2023). In spite of the fact that sorghum
resistant to drought, nutrient mobilization and transport as
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well as nitrogen uptake in the soil were affected by drought
stress (Yu et al. 2015; Sarshad et al. 2021).

A technique to simulate and ascertain the possible
geographical distributions of sorghum is necessary for its
development as an alternative crop. A popular method for
simulating a species’ possible geographic ranges is to
combine statistical, geoclimate, and machine learning
models. This model has been frequently used to predict
possible ranges of a wide range of creatures, including crop
species (Fitzgibbon et al. 2022; Lin et al. 2022; Li et al.
2023), floral species, faunal species (Stephenson et al.
2022), including ticks (Sanchez et al. 2023), and even
vegetation (Khanum et al. 2013). At the moment, an
increasing number of methods are being used to estimate
habitat suitability and species distribution regions. These
methods range from general additive/linear models (GAM,
GLM) that emphasize statistical methods to Bioclim,
Domain, and Biomapper that emphasize geoclimatical
methods. In addition, there are Artificial Neural Networks
(ANN) that emphasize deep learning techniques and
MaxEnt, Random Forest, Support Vector Machines (SVM)
that emphasize machine learning-based techniques. Every
strategy is different and has pros and cons of its own.
According to Marcer et al. (2013), machine learning is seen
to be one of the modeling approaches with benefits when
compared to other ways. As a result, it is the method that is
most commonly used in habitat suitability modeling
research. According to Fois et al. (2018), there are several
benefits to using machine learning, including the requirement
for only species occurrence records, the method’s ability to
be applied with a limited amount of data, and its capacity to
produce prediction models and estimations with high
accuracy, high reproducibility, and the capacity to discern
the most distinct environmental variables. In an arid region
in KwaZulu-Natal, South Africa, MaxEnt informed that
sorghum suitability was following the west-to-east trend,
with areas in the west being more suitable than the east
(Mugiyo et al. 2022). Sorghum has been proposed as an
alternative to rice as the main crop in Indonesia (Paesal et
al. 2021). The Indonesian government intends to set aside
115,000 hectares in 2023 and an extra 154,000 hectares in
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2024 for the cultivation of sorghum in eastern Indonesia.
Despite these advancements, nothing is known about the
possible range of sorghum, which is mostly found in the
dry eastern part of Indonesia. This information is needed in
advance to ensure and continue sorghum cultivation. The
general purpose of this study is to identify possible
sorghum growing locations in dry environments on five
specific eastern Indonesian islands. The particular purposes
of this study are (i) to predict habitat suitability of drought-
tolerant sorghum, (ii) to identify key environmental drivers,
and (iii) to generate a suitability map for Eastern Indonesia.
The information on possible sorghum growing locations is
required by the Indonesian government to support its policy
in promoting sorghum cultivation. This research is new in
that it uses statistical modeling, geoclimate, and machine
learning to attain precision in possible distributions. The
outcomes of this study will benefit food safety in the
particular arid environment of eastern Indonesia.

MATERIALS AND METHODS

The research was conducted on several islands in
eastern Indonesia. The study methodology followed methods
developed by Semu et al. (2021), including species
occurrence, environmental variables, and model evaluation.

Study area

This research was conducted on several islands located
in the eastern Indonesia regions, consisting of Lombok,
Sumba, Sumbawa, Flores, and Timor Islands, Indonesia,
within the geocoordinates of 8°-10° South latitude and
116°-126° East longitude (Figure 1). These regions are
characterized by low rainfall and high temperatures (Table
1), and each island has different areas. The smallest island
was Lombok Island, followed by Sumba Island. The most
arid islands were Flores, Sumbawa, and the Timor Islands.
Those islands have the lowest rainfall, reaching only 5 mm.
Among other islands, Sumbawa Island has the hottest
temperature, ranging from 32.0 to 36.6°C.
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Figure 1. Spatial distribution of presence locations of sorghum (red dots) in Lombok, Sumba, Sumbawa, Flores, and Timor Islands,

Indonesia
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Figure 2. Schematic flowchart showing the potential distribution analysis pipeline

Table 1. Climatic variables in Lombok, Sumba, Sumbawa,
Flores, and Timor Islands, Indonesia.

Islands Area Rainfall Temperature
(km?) (mm) (W)
Lombok 4,739 77-489 239-31.9
Sumba 11,006 15-162 25.0-32
Sumbawa 15,414 10-446 32.0-36.6
Flores 15,531 5-483 16-30
Timor 30,777 10-667 27-31

Because of the dry temperature and arid ecosystems, the
ecosystems of those islands are dominated by savanna and
grassland ecosystems, which are patchy and fragmented,
and range from lowland tropical rainforests to upland
tropical forests to sub-alpine vegetation (Sutomo et al.
2021). There are numerous meadows and shrublands on the
island (Sapta et al. 2015).

Sorghum occurrence surveys

All regions of a few chosen islands were the subject of
field observations and surveys to document the presence of
sorghum in real time. The information retrieved from the
Herbarium Bogoriense, the Regional Agency for
Agriculture and Forestry of the Ministry for Agriculture
and Forestry, Indonesia, combined with database developed
from literature studies was used to determine the locations
for field observations and surveys following Gunawan et
al. (2021). The global positioning system (GPS) unit, a
Garmin Etrex 30 model, was used to record the geographic
locations of S. bicolor occurrences (Figure 1) in the field.
The data were stored in CSV format and transformed into
Microsoft Excel so that habitat suitability modeling could
be made. To document the presence of sorghum in real
time, field surveys and explorations were carried out from
September 2023 to January 2024. From September to
October 2023, surveys were conducted in Lombok islands,
from October to November 2023 for Sumba and Sumbawa
islands, and from November 2023 to January 2024,
covering Flores and Timor islands.

Procedures

Environmental predictors and variable selection
Bioclimatic factors (Table 2) from Arshad et al. (2022)

and Dong et al. (2023) were used in this investigation for

environmental predictors. According to Hijmans et al.

(2005), the most frequently used bioclimatic variables that

have been extracted from the climate database that is
registered in WorldClim (www.worldclim.org, new version
2.0) are Bio 1 through Bio 19 (Figure 2). The pipeline
started with performing the multicollinearity test to retrieve
the bioclimatic variables with less potential for
autocorrelation. The next stage is the habitat suitability
modeling using several models. The obtained model was
then evaluated. This WorldClim database has been
extensively distributed and utilized in several researches on
habitat suitability modeling throughout tropical Asia (Rana
et al. 2017). Bioclimatic variables were represented at this
stage as grids, with a typical spatial resolution of 1 km and
a spatial resolution of 30 arc seconds, which in the case of
the equator corresponded to around 0.86 km? and smaller
elsewhere (Fick and Hijmans 2017).

According to Préau et al. (2018), a multicollinearity test
together with Pearson's correlation test as parts of variable
selection, was used to develop a model with enhanced
performance using fewer variables and to prevent
collinearity among variables. The model was built on 19
bioclimatic variables, ranging from Bio 1 to Bio 19. In
order to build species distribution modeling at a
geographical scale, variables exhibiting cross-correlation at
high values of r?> more than 0.8 were removed, whereas
variables with 12 values less than 0.8 were retained for
additional study (Figure 3). Multicollinearity in the model
indicates that a bioclimatic variable is substantially
associated with other variables. Multicollinearity suggests
the model has unstable and unreliable estimating capacity,
according to As'ary et al. (2023). According to the
multicollinearity test, the selected bioclimatic variables to
be used were Bio 1, 2, 3, 4, 11, 12, 13, 14, 15, 16, 18, and
19 (Table 2).

Potential distribution analyses

Potential distribution analyses, according to Dolci and
Peruzzi (2022), are based on statistical analysis, machine
learning, and geoclimate used for crop modelling (Khalil et
al. 2021; Ali et al. 2023). Using various species modeling
algorithms (Table 3) in the R platform version 3.6.3
package (Table 3) (Mao et al. 2022) will yield estimated
suitability maps of S. bicolor throughout the Indonesian
islands of Lombok, Sumba, Sumbawa, Flores, and Timor.
The generated estimated suitability maps were produced
using many R packages, including library "sp", library
"dismo" (Khan et al. 2022), library "random forest", library
"kernlab", library "rgdal" (Bivand 2022), and library
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"raster" (Lemenkova 2020). Bio 1, 2, 3, 4, 11, 12, 13, 14,
15, 16, 18, and 19 were among the bioclimatic variables
that were used as inputs for the model. Since this study
only used the data of the presence of sorghum, pseudo-
absences, also called background points, are also used and
crucial for building accurate species distribution models.
The background points are generated from the available
environment and used to compare with the observed

sorghum presences, helping potential distribution analyses
determine the relationship between sorghum presence and
environmental variables. Common methods include
random sampling from the study area or a biased approach
using buffer zones around sorghum presences. The "dismo"
R package provides tools for creating background points,
including methods for selecting and generating background
points.

Table 2. Bioclimatic variables used in this study (Ulak and Paudel 2021)

Variables

Annual mean temperature (Bio 1)*

Mean diurnal range (Bio 2) *

(mean of monthly (max temp-min temp))
Isothermality (Bio 3)*

Temperature seasonality (Bio 4)*

Max temperature of warmest month (Bio 5)
Min temperature of coldest month (Bio 6)
Temperature annual range (Bio 7)

Mean temperature of wettest quarter (Bio 8)
Mean temperature of driest quarter (Bio 9)
Mean temperature of warmest quarter (Bio 10)
Mean temperature of coldest quarter (Bio 11) *
Annual precipitation (Bio 12) *

Precipitation of wettest month (Bio 13) *
Precipitation of driest month (Bio 14) *
Precipitation seasonality (Bio 15) *

Precipitation of wettest quarter (Bio 16) *
Precipitation of driest quarter (Bio 17)
Precipitation of driest quarter (Bio 18) *
Precipitation of coldest quarter (Bio 19) *

www.worldclim.org
www.worldclim.org

www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org

Sources Format Unit
Image data in Raster °C
Image data in Raster °C
Image data in Raster %
Image data in Raster °C
Image data in Raster °C
Image data in Raster °C
Image data in Raster °C
Image data in Raster °C
Image data in Raster °C
Image data in Raster °C
Image data in Raster °C
Image data in Raster mm
Image data in Raster mm
Image data in Raster mm

www.worldclim.org
www.worldclim.org

www.worldclim.org
www.worldclim.org
www.worldclim.org
www.worldclim.org

Image data in Raster

coefficient of
variation, %

variability
Image data in Raster mm
Image data in Raster mm
Image data in Raster mm
Image data in Raster mm

Note: *: selected variables based on multicollinearity test

=]
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Figure 3. Pearson’s correlation analysis matrix of the 19 bioclimatic variables (Bio 1 - Bio 19), and the green squares represent the

significant correlation (r> > 0.8) among variables
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Table 3. Evaluated models in this study

Model Description Name Data R packages
Machine Based on the classification of training data until finally =~ Random Forest Presence  random forest
learning obtaining a better model. Support Vector Machine Presence  kernlab

Based on climate envelope algorithms and calculation ~ Bioclim Presence  dismo
Geoclimate of the similarity that exists between candidate pixels Domain Presence  dismo

with respect to the selected presence records.

Based on the median of a response variable and using GAM Presence  dismo
Statistical the Logit Link Function to relate the expected value of GLM Presence  dismo

the response variable with included predictors.

The effectiveness of the model was evaluated by
looking at the receiving operating curve (AUC) area, and a
jackknife test (Promnikorn et al. 2019) was used to analyze
the influence and contribution of each bioclimatic variable
affecting the appropriateness of S. bicolor habitat. AUC
values between 0 and 0.5 indicate that the model performs
poorly and indicates uninformative data, while values
closer to 1.0 indicate that the final model is very
informative and regarded as very excellent, according to
Zhu et al. (2017). Besides using AUC to measure the model
performance, this study also used COR (Calibration of
Results) in evaluating models, particularly for classification
tasks. COR assesses how well the model's predicted
probabilities correspond to the actual probabilities of the
event occurring.

Subsequently and according to Hijmans et al. (2012),
the machine learning model' output, which estimated the
suitability ranges of S. bicolor, then imported into GIS for
further analysis and mapping display. Consistent with the
findings of Wei et al. (2018), the habitat suitability levels
on the utilized machine learning model map can be
classified into five categories: unsuitable, low, medium,
high, and very high suitability, with values ranging from
0.0t00.2,0.2t0 0.4, 0.4 to 0.6, 0.6 to 0.8, and 0.8 to 1.0.

RESULTS AND DISCUSSION

Model evaluation and validation

As indicated by the area under the receiver-operating
characteristic (AUC) curve acquired by the accuracy test of
the ROC curve analysis method, model assessment and
validation ensure the dependability of modeling results.
The AUC values fell into multiple value classes and ranged
from O to 1. The model's execution was inferior to
contingency when the AUC value was less than 0.5. The
model's performance is deemed moderate when the AUC
value is between 0.5 and 0.6; acceptable when it is between
0.6 and 0.7; good when it is between 0.7 and 0.8; very good
when it is between 0.8 and 0.9; and excellent when it is
between 0.9 and 1. The model is more accurate and
descriptive, and has better discrimination when the AUC
test value is closer to 1. Based on the result, as can be
observed in Figure 4, the AUC of the model is greater than
0.8, among which the Domain model is 0.962, SVM is
0.903, and both GLM and GAM are 0.894.

Response curves of bioclimatic variables

The response curves illustrate the correlations between
each bioclimatic variable and the sorghum's degree of
occurrence probability and suitability of habitat (Figure 5).
The response curves of the areas of sorghum having high
suitability were generated for the selected twelve
bioclimatic variables. The likelihood of each bioclimatic
variable to sorghum illustrate that with the rise in the
bioclimatic variable value, the existence probability
showed a trend of first increasing rapidly and then
decreasing slowly. In this study, the range of climate
factors when the probability of suitability is greater than
0.6 was used to represent the bioclimatic characteristics of
the sorghum distribution area. The bioclimatic
characteristics of the distribution area of sorghum are as
follows: Biol or the annual mean temperature ranging from
25.0 to 26.0°C, Bio2 or the mean diurnal ranging from 9.0
to 12.0°C, Bio3 or the isothermality ranging from 70 to
80%, Bio4 or the seasonality of temperature ranging from
75.0 to 85.0°C, Bio7 or the annual range of tem-perature
ranging from 12.0 to 14.0°C, Biol2 or the annual
precipitation ranging from 150 to 250 mm, Biol3 or the
precipitation of wettest month ranging from 25 to 35 mm,
the precipitation of driest month, or Biol4, is ranging of 1-
2 mm, the precipitation seasonality, or Biol5, is ranging of
8-9 mm, the precipitation of wettest quarter, or Biol6, is
ranging of 8-10 mm, the precipitation of driest quarter, or
Biol8, is ranging of 40-60 mm, and the precipitation of
coldest quarter, or Biol9, ranging of is 9-11 mm.

Predictions of suitable habitats for sorghum

The modeling methods differed in predicting
distribution areas for all species (Table 4; Figures 6, 7, and
8). For most islands, SVM predicted a larger distribution
area. Conversely, Bioclim and Domain predicted less
suitable areas of distribution for all islands. All models
show consistency since all models confirm that Sumba,
Sumbawa, and Flores will have larger suitable areas in
comparison to other islands. Under the Bioclim model,
Sumba has the smallest suitable area, equal to 485 km?, and
Sumbawa has the largest suitable area, equal to 5,560 km?.
The Domain model has also given similar results, with
Lombok having the smallest suitable area at 3,465 km? and
Sumbawa still has the largest suitable areas equals 15,245
km?. Other models, including GAM/GLM and SVM,
confirm that Timor, followed by Sumbawa and the Flores
Islands, have large, suitable areas for sorghum.
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Table 4. Distribution area in km? predicted by machine learning (SVM), geoclimate (Bioclim, Domain), and statistical (GAM/GLM)
methods for the modeling of Sorghum bicolor in Lombok, Sumba, Sumbawa, Flores, and Timor Islands, Indonesia

Islands Area Bioclim Domain GAM/GLM SVM
(km?) km? % km? % km? % km? %
Lombok 4,739 504 10.63 3,465 73.11 2,612 55.11 4,556 96.13
Sumba 11,006 485 4.40 9,556. 86.82 6,495 59.01 10,975 99.71
Sumbawa 15,414 5,560 36.07 15,245 98.90 10,481 67.99 15,331 99.46
Flores 15,531 3,728 24.00 10,333 66.53 5,998 38.61 14,687. 94.56
Timor 30,777 383 1.24 14,482 47.05 17,880 58.09 20,570 66.83
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Figure 4. Area under the receiver operating characteristic curves (AUCs) for Bioclim. Domain, GLM, GAM, Random Forest, and SVM
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Figure 6. Distribution of suitable area predicted by geoclimate (Bioclim, Domain) for the modeling of Sorghum bicolor in Lombok,
Sumba, Sumbawa, Flores, and Timor islands, Indonesia. Suitability level included 0.0-0.2: unsuitable, 0.2-0.4: low suitability, 0.4-0.6:
medium suitability, 0.6-0.8: high suitability, 0.8-1.0: very high suitability
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Table 5. Comparisons of sorghum distribution modeling studies in other locations

Locations AUC % high suitable areas References
KwaZulu-Natal, South Africa 0.93 13.4 Mugiyo et al. (2022)
China na na Niu et al. (2022)
Telangana state, India na na Natarajan et al. (2016)
Kenya, Africa 0.97 - Kigen et al. (2014)
Lombok, Sumba, Sumbawa, Flores, and Timor Islands, 0.807-0.962 1.24 -99.71 This study

Indonesia

Table 6. AUC: area under the receiver-operated characteristic curve and COR: point biserial correlation coefficient between observed

and predicted values of each models

Coeff. Bioclim Domain GLM GAM RF SVM
AUC 0.874 0.962 0.894 0.894 0.807 0.903
COR 0.005 0.112 0.049 0.049 0.024 0.105
Discussion suggesting that sorghum is heat resistant and avoids places

Certain sorghum species may be comparatively more
climate-sensitive in general, and precipitation in particular,
since sorghum is a drought-tolerant species. This research
forecasted the possible influences of climate variables on
the sorghum as a potential crop. This is the first study,
especially in the Southeast Asia region, to examine the
range extensions of sorghum based on several species
distribution models. The species presence data, along with
environmental variables, have been wisely chosen and
validated to guarantee the accuracy of the model. The AUC
was used for sorghum model parameter adjustment and
evaluation, and the results showed that the model had a
high degree of prediction accuracy. The findings of this
study are comparable to those of previous studies (Table 5).
Currently, the potential distribution of sorghum has been
modeled in China, India, and Africa. At the same time,
there is a paucity of this information, mainly in the
Southeast Asia region.

The result of this study then contributes significantly to
the Indonesian government's policy in promoting sorghum
cultivation. The result determines accurately the area
suitable for sorghum. The potential areas delineated in this
study can assist the small-scale farmer to carefully select
the most cultivation areas. The use of modeling to estimate
species potential area is in line with previous study (Jeong
et al. 2022). Besides that implication, this study also offers
a novel method in the form of modeling that can be applied
to other species and assist the Indonesian government in
shaping cultivation policy, in particular determining
potential cultivation zoning for certain species.

Sorghum distributions in arid ecosystems in eastern
Indonesia were shown to be impacted by precipitation and
to have a negative correlation. At the same time, sorghum
can withstand temperature increases. Mugiyo et al. (2022)
confirmed that rainfall-related parameters, in this case
precipitation, had the greatest influence on potential
applicability. Drought is a feature of sorghum, according to
Niu et al. (2022). The environmental variables, temperature
and precipitation, contributed 86.2% to the model,

with low temperatures and humidity.

Isothermality and seasonality of temperature factors
were observed to have strong contributions adjacent to
precipitation variables in this study. This is consistent with
the findings of Huang et al. (2021), who found that plant
groupings tended to reside in flatter topography areas with
more variability of temperature, isothermality, and
seasonality of temperature. They also found that the
relative influences of isothermality and seasonality of
temperature maximized in tropical locations. Sorghum was
estimated to be very suitable in flat lowlands with
elevations less than 1,000 m on arid islands in eastern
Indonesia.

Here we present the comparison of the performance of
six modelling methods to estimate the potential
distributions of sorghum. Our findings confirm that the
preferences of modelling method may affect the
determination of suitable habitats for the sorghum (Oppel
et al. 2012). Consistent with earlier comparative research,
none of the six approaches evaluated produced better
estimations in all performance parameters. The Domain
and SVM models performed similarly well in our
investigation in terms of prediction (Table 6). In spite of
the predictions of the six individual models being generally
consistent, discrepancies still existed due to the differences
in algorithms of each model used, and this is a common
phenomenon as observed previously in related studies in
Hao et al. (2019) and Liu et al. (2022). The good
performances of SVM was in agreement with previous
studies (Ghareghan et al. 2020). SVM was recognized as a
model with a higher accuracy, and also an inexpensive
method for estimating the habitat suitability of a species
(Boogar et al. 2019).

In our study, Domain model also shows a good
performance. This is contradicted to results by Duan et al.
(2014) that stated Domain performance was lower than
SVM. The performances of a model were affected by
environmental variables and as a result affecting model
stability. This study is implemented and limited to small
island ecosystems where the data are limited and the
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environment tends to be homogenous. The domain model
is known flexible by Carpenter et al. (1993) and can offer
advantages in mapping potential distributions of species,
particularly when data is limited and environmental
homogeneity is present. Domain can effectively use
presence records and biophysical attributes to model
potential ranges. Besides that, improved mathematical
modeling techniques, machine learning algorithms, and
more robust statistical tools will also affect the model
performances. The other models that considered have good
performances based on AUC values were GAM and GLM.
In their study, De et al. (2020) has confirmed higher AUC
value of GLM in comparison to RF and SVM. The model's
prediction accuracy may be referred to as outstanding
based on the ROC results and high AUC values. As a
result, this finding can be utilized to determine which
models better capture the fitness of sorghum's potential
distribution.

Despite this study having succeeded in using and
comparing six modeling approaches that are already known
to have advantages and have been used widely in the
modeling studies, a discrepancy among models is still
observed, and this becomes a challenge in this study. In the
future, we recommend applying the ensemble approach
(Kaky et al. 2020) to gain consensus. Another improvement
is regarding the variables used in this study that are limited
to bioclimatic variables. Accompanied by the development
of modeling approaches, we also recommend including
more variables as supplementary data in the model to
increase the accuracy of the prediction results and model.
Those variables include land use, geological, elevation, and
anthropogenic variables. The study is comparing several
independent models. Then it is encouraged to compare the
individual models with the ensemble approach. This
approach has advantages due to its capacity to reduce both
bias and variance, particularly in the presence of noise and
uncertainty that are common in individual models.

Using machine learning, geoclimate, and statistical
methods, the present study estimates comprehensively the
spatial distribution of habitat suitability for sorghum in the
arid eastern Indonesia ecosystems. The comprehensive
result and species distribution model can then generate a
knowledge base for future strategies for sorghum crop
planners. Modeling methods, such as the one used in this
study, can be applied by particular agriculture practitioners
and farmers to estimate the areas where the most losses and
profits are generated under sorghum cultivation practice,
and so maintaining the natural geographic distribution
areas of the sorghum under attention needs the greatest
consideration and ensure food security, mainly in arid
eastern Indonesia ecosystems.

All the models confirm that Timor, followed by
Sumbawa and the Flores Islands, have large, suitable areas
for sorghum. It is estimated that up to 99.71% of arid island
ecosystems in eastern Indonesia were suitable for sorghum.
The geoclimate and machine learning model generated the
highest values for AUC in comparison to statistical
methods. Then geoclimate and machine learning methods
can be considered suitable methods to estimate sorghum's
potential distribution areas, considering their performances.

The result is considered very useful in contributing to
the Indonesian government's zoning policy and climate-
resilient agriculture strategies. It provides empirical
evidence about suitable areas for sorghum. It is strongly
recommended to prioritize Timor, followed by Sumbawa
and the Flores Islands, as potential sorghum cultivation
zones.
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