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Abstract. Rivers are vital freshwater habitats that face threats of degradation and climate change.
Mabhseer fish, a key species, is in decline. This study predicted Mahseer fish habitats in Central
Java using the Google Earth Engine and the MaxEnt machine learning algorithm. Environmental
predictors, including NDVI, elevation, slope, river order, temperature, and rainfall, were
extracted from Sentinel, SRTM, MODIS, and CHIRPS data. The model identified river order as
the most influential variable (73%), followed by elevation (18%) and rainfall (8%), with an AUC
score of 0.7, indicating fair accuracy. Suitable habitats were located in upstream river orders (1—
3), typically at higher elevations. These findings provide spatial guidance for conservation
planning, such as identifying critical habitats, prioritizing upstream areas, and establishing
seasonal fishing ban. This approach supports biodiversity protection and aligns with the
Sustainable Development Goals by offering a scalable tool for freshwater ecosystem
management. Using MaxEnt with GEE shows promise for rapid, and cost-effective species
distribution modeling in data-limited tropical regions.
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1. Introduction
Mabhseer fish is included in the Cyprinidae group which has important value from socio-economic and
ecological aspects. Mahseer fish is an icon of local wisdom and a high-value aquaculture commodity
because of its complete nutritional content [1,2]. From an ecological aspect, this fish as a flagship species
and bioindicator of the ecological function of an aquatic environment that is still good, this is because
of habitat of Mahseer fish requires a clear water with dissolved oxygen levels in the range of 8 to 9 ppm
and a water temperature of 18 to 32 °C. [1,3.4].

In addition to their importance, several Mahseer fish species, namely, Tor putitora, T. malabaricus,
T. rimadevii, and T. laterivivatus, are currently vulnerable to extinction and have critical populations in
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Asia [5-8]. In Indonesia, the populations of T. tambroides and T. tambra tend to decline due to the loss
of Mahseer fish habitat, overfishing, anthropogenic stress, invasive species, and climate change [9-11].
In these cases, the habitat dynamics of Mahseer fish are crucial for understanding their distribution and
accompanying factors. Predicting the habitat with species distribution modeling approach integrated
with machine learning can help study the distribution of Mahseer fish habitat.

Machine learning has been applied in many biology studies, such as the detection of Grasserie disease
in Bombyx mori using a combination of the Histogram of Oriented Gradients (HOG) for feature
extraction, Kernel Principal Component Analysis (KPCA), and Support Vector Machine (SVM) as
reduction dimension and classifier with an accuracy value of 93,16% and an AUC value of 0,94 [12].
Moreover, machine learning is also used in agriculture, such as the detection of corn crop health by
classifying blight and leaf spots of corn leaves with data augmentation techniques in Convolutional
Neural Network (CNN) architecture. This technique can detect symptoms of corn disease with a validity
value until to 98,50% [13]. The effectiveness of these studies underlines the utility of deep learning and
machine learning approaches for imagery analysis in ecological and conservation-related applications.

Maximum Entropy (MaxEnt) analysis is classified as a machine learning method because it randomly
categorizes species presence data using R, Python, and JavaScript. MaxEnt is promising for habitat
modeling because it is a user-friendly, effective machine learning algorithm that predicts species
distributions based on presence-only data, making it suitable for various ecological applications. Its
ability to handle complex relationships between species and environmental variables, along with its
widespread validation and application in ecological studies [14,15]. In prior investigations, the MaxEnt
analysis technique was able to forecast multiple species of freshwater fish beyond their normal
environment in rivers in the Virginia area [16]. Furthermore, MaxEnt is capable of predicting potential
loss in endemic fish populations and economically valuable species such as Seminemacheilus lendlii, T.
tor, T. putitora, and green snapper in the subtropical region over the coming decades with good accuracy
(AUC 0.8) with limited presence points than other modeling methods [17-21].

The R studio is commonly used for MaxEnt analysis, with environmental data as predictor accessed
from www.worldclim.org/data/bioclim.html. R Studio is designed in the R programming language,
offering the advantages of being user-friendly, effective in classifying data in both text and spatial
formats, and able to reduce memory usage while processing massive volumes of data [22]. Despite these
advantages, The R language still needs to be adjusted for a larger area with different latitudes and not
integrated with the data catalog, which will require a computer with high specifications and reduce the
efficiency of raster data processing. Moreover, applying merely weather data to depict environmental
variables for understanding riverine fish habitats is insufficient, because biological factors cannot stand
alone in influencing the environmental dynamics of river ecosystems, but are usually supplemented by
geomorphic factors [23-25].

In the context of these shortcomings, the Google Earth Engine (GEE) platform and JavaScript
language were used in this study for MaxEnt analysis. The advantages of GEE are that it is integrated
with satellite imagery as a catalog, so that image acquisition and correction can be carried out on the
same platform. GEE is based on Google's cloud infrastructure [26], and can be more effective for
processing raster and shapefile data in MaxEnt analysis.

This research area covers most of Central Java because it has a complex topography in the form of
mountainous areas and lowlands that form river basins with diverse characteristics, which can represent
tropical rivers in Asia. Several of these river basins are known to be the habitat of Mahseer fish [27—
29], which are currently experiencing critical conditions due to forest degradation and land conversion
[30], [31], therefore, conservation efforts are needed to protect the Mahseer fish population from the
threat of extinction.

The conservation of Mahseer fish will have a positive link to the subset of SDG’s goals of zero
hunger by increasing small-scale agriculture and fisheries productivity, including freshwater fisheries,
clean water sanitation by protecting and restoring aquatic environments, including lakes and rivers,
which are important habitats for freshwater species, climate action, and life on land by conserving
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terrestrial and aquatic ecosystems to stop biodiversity loss and controlling invasive species that threaten
local species [32][33].

Therefore, the initial information on habitat suitability of Mahseer fish in tropical rivers such as
Indonesia needs to be explored with a novel approach in the era of data openness. The combination of
Satellite Imagery to generate environmental data and geomorphological conditions with cloud-based
processing, such as the GEE platform, would propose a rapid and effective approach to analyzing rapid
environmental changes. This study proposed a novel approach for obtaining initial information on
habitat suitability of Mahseer fish using MaxEnt machine learning in the GEE platform, which does not
depend entirely on computer specifications and has not previously been applied in this region. This study
aimed to predict the distribution of flagship species of Mahseer fish in the rapidly changing and high-
pressure environmental regions of Java, which could be an interpretation of another tropical region in
Asia.

2. Methods

This research was conducted from August 2022 to July 2023 in the upstream river systems of Central
Java. A purposive random sampling method was applied, and ensuring a minimum spatial distance of 5
km between points to reduce spatial autocorrelation. Ten GPS-recorded presence points were collected
and saved as shapefiles using QGIS 3.22. Extracting and processing raster data was performed using
JavaScript in the Google Earth Engine platform, while multicollinearity test was performed using
Microsoft Excel. The methodology used in this study is an adaptation of prior research [34] and consists
of six stages:

2.1. Sample collection and presence data

The presence of Mahseer fish (Tor spp.) was obtained from literature studies and interviews with local
anglers and was used as a basis for determining the location of sample. Sampling gear was carried out
using the casting fishing technique with a fishing rod in a rapid and rocky river flow. The coordinate
points at the location of the Mahseer fish that were successfully caught were recorded using GPS and
referred to as the presence point of Mahseer fish. The entire presence coordinates were tabulated using
Microsoft Excel, saved in CSV format, and then converted into shapefile data using QGIS software
version 3.22 for spatial analysis.

2.2. Merging sample presence and absence data

The sample presence and absence data were combined using polygon vector data from the research area
in the form of a base map of Central Java Province and the Special Region of Yogyakarta, which was
designated as a Region of Interest (ROI) (Figure 1), as well as river flow data downloaded in shapefile
format from the page https://www.hydrosheds.org/products/hydrorivers. The river flow vector data were
analyzed in QGIS software version 3.33 using the buffering methodology, resulting in a Strahler-based
river order classification. In addition, the two vector datasets were overlaid with the presence point
dataset to calculate the location of the absence points. Meanwhile, absent points were generated
randomly in places outside reach of the ROI's using the randomPoints function. All presence and absence
data were then combined and used as a training dataset for MaxEnt modeling on the Google Earth Engine
(GEE) platform using the JavaScript programming language, as demonstrated in the following script:

var absence = ee.FeatureCollection.randomPoints({
region: vector_area_absence,

seed: 1,

points: presence.size().multiply(3)
}H.map(function(x){ return x.set({presence: 0}) });
var merge = presence.merge(absence)
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Figure 1. Research location in Central Java

2.3. Envrionmental predictor and prepocessing

The environmental predictor variables used were NDVI (Sentinel-2, 10 m), rainfall (CHIRPS Daily),
temperature (MODIS MOD11A1, 1 km), elevation and slope (SRTM, 30 m), and river order
(HydroSHEDS). All those imageries then generated into raster data were accessed via Google Earth
Engine (GEE) and temporally averaged using ~.mean ()° from August 2022 to July 2023 by these
JavaScript below:

Sentinel Harmonized-2 10m and NDVI

var image = ee.lmageCollection("COPERNICUS/S2_SR_HARMONIZED").filterBounds(ROl).

filterDate(‘time_start’,'rime_end").map(function(x){var scl = x.select("SCL")

var cloud = scleg(3) .or(scl.eq(7))  .or(scl.eq(8)).or(scl.eq(9))  .or(scl.eq(10))return

x.updateMask(cloud.eq(0))}).mean().clip(ROI)
var NDVI = image.normalizedDifference(['B8','B4']).rename('NDVI")

Rainfall
var Rainfall = ee.ImageCollection("UCSB-CHG/CHIRPS/DAILY").filterBounds(ROI)
filterDate('time_start,'time_end').sum().clip(ROI).rename('Rainfall’).convolve(ee.Kernel.circle({r
adius: 4}))
Temperature

var Temperature = ee.ImageCollection("MODIS/061/MOD11A1").select('LST_Day_1km")
filterBounds(ROI) filterDate('time_start','time_end").map(function(x){ return x .multiply(0.02)
.Subtract(273.15).clip(batasl).copyProperties(x,['system:time_start','system:time_end'])})
.Mean().clip(ROI).rename(‘Temperature').convolve(ee.Kernel.circle({radius: 4}))

Elevation and Slope
var Elevation=ee.Image("USGS/SRTMGL1_003").clip(ROI)
var slope = ee.Terrain.slope(Elevation)

2.4. Mutlicolinearity test

The multicollinearity test was used to identify the presence of predictors that has significant correlations
with other predictors. A high correlation between independent variables can reduce the accuracy of
coefficient estimation in the model and make it more difficult to comprehend each predictor's
contribution to the dependent variable. Thus, detecting and addressing with multicollinearity are critical
elements in the modeling process. In this stage, the multicollinearity test (VIF) was performed using
QGIS to extract raster values and the Microsoft Excel program, and the predictors with VIF > 10 were
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excluded. All selected variables had VIF < 10, indicating acceptable levels of collinearity. The
multicollinearity test is proposed by [28], with the following calculation formula:

Tolerance =1 —r?

VIF=———
Tolerance

2.5. MaxEnt modeling

Data processing commenced with the import of vector layers from Google Earth Engine (GEE) assets,
including Mahseer presence points, river flow networks, and administrative base maps, into the code
editor. The required raster datasets were acquired from the Earth Engine Data Catalogue and loaded into
the same workspace. All preparation operations involving vector and raster data, along with MaxEnt
modeling techniques, were implemented in JavaScript. The MaxEnt model generated species response
curves, estimated contributions from each environmental predictor, model evaluation metrics, and a
habitat suitability map for Mahseer fish in Central Java. Habitat suitability is determined using the
Habitat Suitability Index (HSI) which is classified as binary, with values approaching 1 indicating
extremely suitable habitat conditions and values near 0 indicating unsuitable locations [29]. The
threshold in this study was 0.5. HSI > 0.5 indicates suitable habitat; < 0.5 indicates unsuitable habitat.
MaxEnt modeling was performed using the following JavaScript function:

var algorithm_maxent = ee.Classifier.amnhMaxent().setOutputMode('Probability")
train({ features: sampling_maxent, classProperty: ‘presence’,inputProperties:
predictors.bandNames()});

2.6. Validation of MaxEnt Model

MaxEnt, which is executed on the Google Earth Engine platform, validates data using a statistical
evaluation approach based on the Area Under Curve (AUC) of the Receiver Operating Characteristic
(ROC) curve. The table below provides an interpretation of AUC values.

Table 1. Interpretation of AUC Value

AUC Value Interpretation
0.5 Random
0.6-0.7 Low - Fair
0.7-0.8 Fair - Good
0.8-0.9 Good - Very Good
1 Accurate

3. Results and Discussion

3.1. Presence-absence point

A presence-absence map of Mahseer fish in Central Java was generated by combining presence points
and Region of Interest (ROI) vector data with the reduceToVectors() method and randomly sampling
points inside the polygon area (Figure 2). Each point of absence of Mahseer fish was assigned a presence
attribute of 0. The pseudo-absence points were generated randomly from the presence points by
multiplying the number of presence points by three to produce a larger number of absence points to
produce a sufficient presence-absence proportion model, allowing the model to recognize a greater
number of non-habitat conditions and increasing prediction stability [35]. However, the number of
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presence points required to obtain the optimal absence points is determined by the modeling method
utilized [36].

Figure 2. Map of presence-absence point of Mahseer fish in Central Java

Mahseer fish are most commonly found upstream of major streams that flow in hilly places at
elevations ranging from 300 to 900 m above sea level. This is consistent with the fact that Mahseer fish
prefer large, clear, fast-flowing rivers with rocky substrates [37], such as the upstream areas of the
Serayu and Progo rivers, which flow through the Dieng, Sindoro, and Sumbing mountain ranges.
Meanwhile, other rivers, such as the Comal, Bodri, Bogowonto, and Jali, have fewer meeting spots than
Progo and Serayu. The frequency of Mahseer fish presence sites in these rivers suggests that the
downstream regions of these rivers are less appropriate for Mahseer habitat, despite having habitat
criteria for Mahseer fish at the sample site.

3.2. Vector data processing
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Figure 3. Map of classification of river order

The vector data downloaded from https://www.hydrosheds.org/products/hydrorivers then processed in
QGIS with buffering method. The river vector data buffered acording to the river Strahler order
classification produced six levels of river flow classification in Central Java (Figure 3). River order 1
is indicated by a small red river flow and is the starting point of the river flow. Order 2 was brown,
longer, broader, and intersected with order 1. Order 3 is blue and wider than order 2 and is a river flow
resulting from the intersection of order 2. The intersection of order 3 river flows will be an order 4 river,
which is green and wider. Rivers with order 4 in the Progo and Elo rivers are the fourth-order rivers in
the Progo Watershed.
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Both rivers have the characteristics of fast-flowing rivers with rocky, gravel and sandy substrates,
and greater erosion and sediment transport. The intersection of order 4 rivers will produce order 5 rivers.
Order 5 rivers are wider, and have more complex characteristics than smaller orders, and the water flow
is more stable because it receives flow input from smaller river orders and plays an important role in
sediment deposition and forming deltas downstream of the river.

River order indirectly contributes to the biodiversity richness of the river ecosystem by forming the
size of the channel and substrate types that support the habitat ranges of organisms. In the context of
habitat modelling of endemic species in restricted habitats, such as Mahseer fish, river order, and other
fluvial fundamental information, such as channel size and connectivity between river segments and river
paths, are provided from the hydrology dataset in shapefile form [38,39]. Mahseer fish presence in the
map (Figure 2) tend to inhabit in the upstream whereas characterized by cold and clean water, fast
flowing and low temperatures [40], those characteristics are typically of upstream in lower order.

3.3. Raster data processing
The predictors used in species habitat modelling of Mahseer fish consist of NDVI (Sentinel-2, 10 m),

rainfall (CHIRPS Daily), temperature (MODIS MOD11A1, 1 km), elevation, and slope (SRTM, 30 m)
which are form in raster data format that is accessed and processed the cloud-based platform of Google
Earth Engine with JavaScript language. The average NDVI value in Central Java between August 2022
and July 2023 was 0.62 in January 2023 and 0.51 in November 2022 (Figure 4.a).

The NDVI index was generated by comparing of the spectral reflection values of green light (NIR)
and red light (Red) from Sentinel imagery. NDVI is used to monitor vegetation density around
freshwater ecosystems, including rivers, because NDV1 is related to the habitat of aquatic organisms as
a food provider for organisms in rivers and their surroundings, natural filtration from land to rivers and
at the same time a buffer against fluctuations in lake water temperature [41-45]. Meanwhile, daily
rainfall fluctuations in Central Java from August 2022 to July 2023 ranged from 0 to 35 mm/d with
significant peak rainfall in November 2022 and January 2023 (Figure 4.b).
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Figure 4. a.) NDVI value, b.) Average of rainfall within 12 months in Central Java

Fluctuations in rainfall can illustrate the presence of seasonal rivers upstream during the rainy season,
as well as new inundation areas that will become seasonal migration destinations for freshwater fish to
lay eggs and avoid anglers [46-48]. Rainfall can cause a decrease in SO4- compounds and, sediment
dissolution into water bodies, which increase N, P, NH4+ -N compounds, increasing the turbidity of
river water. Such, conditions can be a place of shelter for fish against predator attacks [49,50].
Temperature values were obtained from MOD11A1.061 Terra Land Surface Temperature and
Emissivity Daily Global 1 km in the period from August 2022 to July 2023 in the Central Java region.
The temperature recorded from the image is between 7°C which is interpreted in blue to red at a

temperature of 36 C (Figure 5).
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Most of the wide rivers in the map (Figure 5) are green, while the small rivers in the highlands are
blue, indicating low temperatures in the area, and the yellow and red colors in the lowlands indicate
warmer temperatures. In general, the temperature distribution in Central Java over a period of 1 year
was relatively similar, as indicated by the green color. Temperature fluctuations were detected in the
Bengawan Solo River flow on its southeast side. The Bengawan Solo River flow upstream from August
2022 to March 2023 was red indicating an increase in temperature, and yellowish green from April to
July 2023, indicating lower temperatures.

Figure 5. Average temperature over 12 months.

The river flow elevation map in most areas of Central Java was acquired from NASA SRTM Digital
Elevation 30 m imagery showing an elevation range of 0 to 2000 m above sea level (Figure 6.a). The
yellowish-brown river flow indicates an altitude between 0 and 500 m above sea level, whereas the dark
brown to green river flow indicates an altitude between 500 m above sea level and 2000 m above sea
level. Rivers at an altitude of more than 100 m above sea level are generally headwaters in mountainous
areas. The slope map of Central Java in degrees (Figure 6.b.) was generated from an overlay of NASA
SRTM Digital Elevation 30 m imagery with a vector map of river flow with a slope range of 0° (indicated
by the yellow area) to 50 (indicated by the green area).
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Figure 6. a.) Elevation, b.) Slope in Central Java.

The slope map shows smaller rivers that tend to be greenish located in mountainous areas, indicating
a slope of more than 25°, while rivers with a color approaching yellow indicate a slope value below 25°
located in lower areas. River slope was positively correlated with species richness, and rivers with steep
slopes were habitats for few fish species [51]. The Habitat Suitability Index (HSI) map of Mahseer fish
in Central Java, analyzed using the Maximum Entropy approach, was interpreted in a range of values
from 0 (red) to 1 (green) (Figure 7). The habitat suitability map of Mahseer fish was interpreted from
August 2022 to July 2023. According to the habitat suitability map, Mahseer fish in Central Java have
habitat suitability in the upstream areas of highland rivers in the Serayu and Lawu mountains. River
flows with orders 1, 2, and 3 are suitable for Mahseer fish habitat, and 4 is suitable in the rainy season.
In addition, the range of Mahseer fish habitat suitability changes throughout the year.

The Serayu River flow had a suitable habitat for Mahseer fish from August 2022 to October 2022,
and January 2023 to March 2023, while June 2023 and July 2023 were only found in Order 4 near the
branching of Order 3, which was marked with green to dark green with a habitat suitability score of 0.7.
Meanwhile, in November 2022 and December 2022, almost the entire Serayu River flow was in green,
which means the habitat suitability value for Mahseer fish was more than 0.5. In April 2023 and May
2023, the Serayu River flow of orders 5 and 6 and the Mawar Bedono River flow of order 4 were yellow,
which means that the habitat suitability value for Mahseer fish in the area was approximately 0.5. Other
areas in the flow tended to be reddish-yellow which indicating that the habitat was less suitable for
Mahseer fish. The river basins around the Serayu River Basin such as Bogowonto, Jali, Progo, Comal,
Lampir, and Bodri, also show the same indications. Meanwhile, the river basins outside the Serayu
mountain area that have suitable habitat for Mahseer fish are the upstream streams of Bengawan Solo,
Tuntang and Opak Rivers in Yogyakarta.
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Figure 7. Map of habitat suitability of mahseer fish in Central Java

Based on the habitat suitability map of Mahseer fish in Central Java, the river basin in the upstream
part of the Serayu Mountains is a stable habitat for Mahseer fish throughout the year. The predictor
variables that had a large contribution to the suitability of the Mahseer fish habitat were River Order
(73%), Elevation (18%) and Rainfall (8%), while NDVI, Temperature and Slope gradient did not
contribute to the suitability of the Mahseer fish habitat. The accuracy value of the Mahseer fish habitat
suitability map was 0.70, which means that the modeling of the Mahseer fish habitat suitability was
quite good and close to accurate. This accuracy value is interpreted as the Area Under Curve (AUC)
value on the Google Earth Engine platform console.

3.4. Multicolinearity test

The results of the multicollinearity test, calculated using the variance inflation factor (VIF) formula,
produced a VIF value between 1 and 10. The VIF value reflects the extent to which the variation in a
regression coefficient estimate can be attributed to a linear relationship with other variables. A lower
VIF indicates reduced linearity among predictors, whereas a higher VIF indicates increased linearity
between predictors. The threshold for the VIF value in this study was set at 7, indicating a moderate
degree of correlation among the predictors. The results of the multicollinearity test (Table 2), indicate
that the average correlation value between the predictors (r) was 0.034. Additionally, the coefficient of
determination (r?) was 0.176, the tolerance level was 0.8, and the variance inflation factor (VIF) is 1.21.
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Table 2. Multicollinearity value between predictors

Predictors r r Tolerance  VIF Conculsion
Elevation vs NDVI 0.451 0.204 0.796 1.255587 <10
Elevation vs Rainfall -0.054 0.003 0.997 1.002974 <10
Elevation vs Slope 0.684 0.468 0.532 1.879939 <10
Elevation vs Temperature  -0.708 0.501 0.499 2.00434 <10
Elevation vs River Order  0.655 0.429 0.571 1.751667 <10
NDVI vs Rainfall -0.186 0.034 0.966 1.035678 <10
NDVI vs Slope 0.067 0.004 0.996 1.004487 <10
NDVI vs Temperature -0.287 0.082 0.918 1.089623 <10
NDVI vs River Order 0.437 0.191 0.809 1.236663 <10
Rainfall vs Slope -0.362 0.131 0.869 1.15127 <10
Rainfall vs Temperature 0.087 0.008 0.992 1.007626 <10
Rainfall vs River Order 0.108 0.012 0.988 1.011904 <10
Slope vs Temperature -0.598 0.357 0.643 1.555988 <10
Slope vs River Order 0.414 0.171 0.829 1.206658 <10
Temperature vs River -0.194 0.038 0.962 1.039184 <10
Order

Average 0.034 0.176 0.824 1.213038

The highest correlation value (r) between the predictors occurred with elevation and temperature,
exhibiting the strongest correlation of -0.708, although in a negative direction. The coefficient of
determination (r2) was 0.501, suggesting that elevation accounted for 50% of the variance in
temperature. The tolerance value was 0.499, and the variance inflation factor (VIF) was 2. Although the
relationship between elevation and temperature is essential, the coefficient of determination (r 2),
tolerance, and VIF values were all below the established thresholds of 0.501, 0.499, and 2 for VIF,
respectively. The threshold for the Variance Inflation Factor (VIF) in habitat modeling is primarily
dependent on the analysis method employed, resulting in the absence of a universal criterion for its
determination (Kock & Lynn, 2012). In the context of the SEM-PLS analysis of variance, a VIF value
greater than 3 is indicative of multicollinearity symptoms. Conversely, in habitat suitability analysis
utilizing the MaxEnt machine learning, a VIF value exceeding 5 suggests the presence of
multicollinearity symptoms [52,53].

4, Discussion

In this study, the habitat suitability index for mahseer (Tor spp) in Central Java was modeled using a
suite of environmental predictors obtained from the Google Earth Engine (GEE) catalog. Specifically,
geomorphological variables (elevation, river order, and slope) were employed alongside climatic
variables (temperature and rainfall) and a vegetation index derived via the Normalized Difference
Vegetation Index (NDV1) approach.

The Area Under the Curve (AUC) value in this study was 0.70, with river order contributing 73%
and elevation 18%, indicating a reasonably good predictive performance, although relatively lower than
that reported in several other MaxEnt studies in tropical river systems. For example, a study on Tor
putitora in the Himalayan river system reported an AUC of 0.867, with upstream elevation contributing
35.3% and flow length 21.4% [54]. Additionally, the invasion model for Oreochromis niloticus in the
Ganges River achieved a test AUC of 0.999, with elevation as the dominant variable (69.2%), followed
by slope (10.1%) [55]. These comparisons demonstrate that, although the AUC value in this study is
relatively moderate, geomorphological variables such as river order and elevation exhibit important
patterns that are consistent with general ecological trends in tropical river systems.
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In this study, river order emerged as the most influential variable, surpassing elevation, a finding that
stands out compared to many tropical fish habitat models, which often emphasize elevation. From a
geomorphological perspective, Strahler’s river order reflects the size and complexity of stream
networks, where a higher number of tributaries supports the availability of natural food resources and
provides refuge from predation. Mahseer fish in this study were primarily associated with river orders
1, 2, and 3, with a minor presence in order 4. This confirms that Mahseer fish are habitat specialists that
require environments with abundant food sources but limited competition from other fish. Consequently,
river order can be considered a critical indicator of Mahseer habitat suitability.

The model's performance underscores the strong dependency of Mahseer of genus Tor populations
in Central Java on interconnected river corridors, a finding that is occasionally explicitly addressed in
Southeast Asian literature. Studies on macroinvertebrates, which constitute a major food source for Tor
spp. in tropical rivers, have also associated higher river orders with greater ecological diversity. For
example, Shannon index values for macroinvertebrate communities typically decrease with river order,
whereas fish communities show an inverse trend, increasing in diversity as the river order increases [56].
River order and the number of tributaries in a watershed reflect the interconnectedness of the river
network, which, in turn, influences species composition and richness [57]. River order is a natural
determinant of biodiversity, often showing a positive correlation with fish species richness [58,59]. In
this study, at locations where Mahseer fish were frequently encountered, the presence of Osteochilus
vitatus, a species with similar feeding habits, was also noted.

In addition to river order, elevation significantly influences Mahseer habitat suitability in Central
Java. Based on the habitat suitability index, upstream river segments with elevations ranging from 150
to 927 m above sea level were identified as suitable habitats. This elevation range is particularly
distinctive as it encompasses the hydrological and thermal conditions characteristic of highland areas in
Central Java, which have not been previously quantified for Tor species on the island of Java. Higher
elevations are generally associated with lower water temperatures, higher dissolved oxygen levels, and
rocky substrates, all of which support nutrient availability and provide shelter for larvae and juvenile
fish. This finding aligns with a study by [60], which found that T. tambra is commonly found in highland
rivers in Malaysia's Baleh River. Changes in elevation along river gradients lead to alterations in the
physical and chemical properties of water, thereby influencing species distribution patterns [61].
According to [60] fish abundance is positively correlated with elevation and pH and negatively
correlated with turbidity.

Rainfall as a climate variable contributed approximately 8% to the model. Although this is lower
than the contributions from topographic variables, rainfall plays a vital role in the reproductive cycle
and larval development of Mahseer. Rainfall influences light penetration, flow regimes, and discharge
fluctuations, which affect food availability and habitat space. In the Mahseer habitat suitability map of
Central Java (Figure 7), river order 4 streams were yellowish-green during December and January, when
rainfall was relatively high. This suggests that Mahseer fish may also be present in order 4 streams
during the rainy season. A study on Gymnocypris chilianensis and Triplophysa hsutschouensis in the
Hexi River system of the Qinghai-Tibet Plateau reported that rainfall was more influential than
temperature as a climatic variable [62]. These findings affirm that while climate variables may not
always be the primary contributors compared to topographic factors, their role in tropical freshwater
habitat modeling should not be overlooked.

Based on the findings of the above study, geomorphological variables such as elevation, valley width,
and slope can influence the structure of fish communities along river systems [63]. In this study, river
order, elevation, and rainfall were the most significant contributors to the Mahseer habitat suitability
index. Strahler’s river order, a classification system emphasizing river flow size, including width and
length, proved to be an important ecological indicator. The predictive model for Mahseer habitat in this
study may be applied to other tropical river systems; however, its transferability is limited because of
substantial differences in water physics-chemical parameters, land use, and anthropogenic pressures.
While the principle of “niche conservatism” [64] supports model transferability under similar
environmental conditions, the rivers in Central Java are uniquely influenced by dams, irrigation systems,
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and pollution, requiring local calibration. Thus, prior to model application in other regions, field
validation and multicollinearity analysis of local variables are essential to ensure ecological relevance
[65,66].

Another study also highlighted the limited transferability of SDM models across environmental and
geographic space [67]. A model with a high AUC in one location (e.g., the Himalayas) may experience
reduced accuracy when applied to other watersheds without recalibration. From this perspective, the
moderate AUC value (0.70) observed in this study can be interpreted as a realistic reflection of a highly
fragmented and anthropogenically impacted river system rather than a purely technical shortcoming.

The use of the Google Earth Engine (GEE) platform to estimate species habitat suitability using an
SDM approach represents a relatively novel methodology. The GEE is particularly advantageous
because of its integration with a multi-petabyte data catalog that enables rapid analysis and supports
collaborative research efforts [34,68]. However, GEE lacks several essential analytical features, such as
background data selection, model replication, Jackknife analysis, multicollinearity diagnostics, and
AUC curve visualization [64]. These limitations can be addressed externally using simpler tools, such
as QGIS and Microsoft Excel, for multicollinearity testing. Similarly, correlation verification can also
be conducted using the R programming environment prior to modeling with software such as ArcGIS
[69,70].

Future habitat suitability modeling should incorporate physiological species data, such as tolerance
to temperature, pH, oxygen levels, and biotic interactions (e.g., competition and predation), to improve
habitat prediction under changing climate scenarios [71-73]. This approach would provide a more
comprehensive prediction framework, as climate change is expected to alter the ideal elevation ranges
and rainfall patterns, rendering models based solely on historical data insufficient for future projections.
In relation to climate change, species distribution modeling supports SDG 13 (Climate Action) by
documenting the ecological impacts of climate change on freshwater fish distribution patterns.

Moreover, habitat suitability modeling can contribute to other Sustainable Development Goals
(SDGs), such as SDG 15 (Life on Land), by identifying critical reproduction and migration areas for
riverine fish, aiding in the establishment of protected areas and sustainable fisheries management. It also
supports SDG 6 (Clean Water and Sanitation) by identifying environmental variables (e.g., water quality
and flow patterns) essential for freshwater ecosystem monitoring and conservation, which are crucial
for ensuring a clean water supply for communities [74].

5. Conclusions

MaxEnt modeling on the Google Earth Engine (GEE) platform in this study offers a new, scalable, and
replicable approach to identify habitat suitability for Mahseer fish (Tor spp.) in a data-limited and
dynamic ecological region in Central Java, with findings emphasizing the key role of geomorphological
factors such as river order and elevation that shape habitat preference patterns. River orders 1 and 3
found in the upper reaches of the river play an important role as year-round Mahseer habitats, and order
4 as seasonal habitats in Central Java. The upper reaches of the river that are Mahseer habitats can be
applied as priority zones for the protection and recovery of Mahseer fish populations and their habitats.
River orders reflect river connectivity, and upstream integration has important ecological value for
maintaining Mahseer fish populations. The results of this study also underline the importance of
integrated watershed management policies that conserve upstream areas and maintain upstream
connectivity amid massive ecological stress. This approach also helps identify potential refuges and
spawning sites, which can inform spatial planning through seasonal fishing bans or community-based
conservation zones. The integration of habitat suitability modeling through the GEE platform with
MaxEnt machine learning can serve as a reference for other tropical river systems across Southeast Asia,
enabling rapid assessments in data-poor areas and informing adaptive management strategies, especially
when addressing the impacts of climate change and land use through predictive and seasonally dynamic
models in future research
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