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Abstract. Indian mackerel (Rastrelliger kanagurta) is an important pelagic species within Indonesia
fishery management area 713. Increasing fishing pressure is considered to be the primary cause of the
species’ population decline. To support the sustainable utilization of Indian mackerel, this study
integrates monthly presence data from January 2018 to December 2022 with remotely sensed
environmental variables to predict the species' habitat distribution using random forest algorithm. The
environmental variables utilized include chlorophyll-a (Chl), sea surface height (SSH), sea surface salinity
(SSS), and sea surface temperature (SST). The results indicate that the random forest algorithm
performed satisfactorily, as evidenced by the overall accuracy of 0.944+0.026, true skill statistic (TSS) of
0.889+0.051, and area under the curve (AUC) of the receiver operating characteristic of 0.982+0.019.
Chl, SSH, and SSS emerge as the most influential predictors affecting the spatial distribution of the
species. The highest potential habitats (HSI > 0.8) were observed along the coast of South Kalimantan
to Kangean Island, with smaller patches identified in the waters of West Sulawesi and South Sulawesi.
This study accentuates the effectiveness of remote sensing data and machine learning techniques in
determining the habitat of pelagic fish. Moreover, the findings of the study can aid decision-making
related to sustainable fishery management in the region.
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Introduction. As an archipelagic nation with extensive marine territory, Indonesia holds
bountiful marine fishery resources. The nation is the second largest marine fishery
producer in the world, with an average annual production of approximately 6.57 million
tons from 2017 to 2020 (FAO 2022). Among marine fishery products, small pelagic fish
contribute 34% to Indonesia's total marine fisheries production (Jaya et al 2022). One of
the most productive areas for small pelagic fish within Indonesian waters is the Indonesia
Fishery Management Area (IFMA) 713. The key species commonly captured in this region
is the Indian mackerel (Rastrelliger kanagurta) (Panggabean et al 2023).

R. kanagurta is a small pelagic fish from the Scombridae family, widely distributed
in the western Pacific to the Indian Ocean (Arrafi et al 2016). This species inhabits
coastal tropical waters, forages in schools, and migrates seasonally at depths of 20-90 m
(White et al 2013; Yusop et al 2021). It has an important economic value and is a source
of income for coastal communities, particularly in Indonesia. However, some studies have
reported that the R. kanagurta population has been declining due to increased fishing
effort, mainly in the Java Sea and the Makassar Strait (Saputra & Taufani 2021; Asni et
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al 2024). Therefore, identifying the key habitat of R. kanagurta is considerably important
in the context of formulating sustainable fishery management for the species.

Habitat suitability of marine fish can be identified using correlative modeling,
known as species distribution modeling (SDM) (Robinson et al 2017; Franklin 2023). SDM
is an empirical method that correlates the presence or abundance data with
environmental variables using statistical or machine learning algorithms to predict
species spatial distribution (Elith & Leathwick 2009; Miller 2010; Sillero et al 2021). SDM
can be categorized into two modeling methods: presence-only and presence-absence
methods. The presence-only method relies only on the presence data of a species, while
the presence-absence method needs both presence and absence data (Mateo et al 2010).
Some studies have shown that the presence-absence method outperforms the presence-
only method in terms of accuracy and reliability of the model (Franklin 2010; Barbet-
Massin et al 2012). Therefore, it has been increasingly used to map the habitat
distribution of pelagic fish (Zhao et al 2021; Yang et al 2024; Yati et al 2024).

Supervised machine learning algorithms can be used to develop habitat suitability
models using the presence-absence approach (Zhang & Li 2017); one of the most widely
used is random forest (RF), which is a machine learning algorithm that is built on an
ensemble of several decision trees to produce more accurate predictions (Breiman 2001).
This algorithm uses the bootstrap aggregating (bagging) method, which randomly
samples data from an input dataset/training data and then constructs decision trees
using the classification and regression tree (CART) method. RF was able to overcome
prediction instability and overfitting that generally occur in single decision tree-based
machine learning (Luan et al 2020). RF has been widely used in various fields involving
data analysis to solve classification and regression problems (Rodriguez-Galiano et al
2012; Wicaksono et al 2019; Luan et al 2020). Previous studies have used RF in
modeling and mapping R. kanagurta habitats within the South China Sea (Tan &
Mustapha 2023). However, the robustness of habitat models remains challenging
because it is influenced by several factors, such as the unique physical properties of the
marine environment, biological characteristics of species, selection of modeling methods,
and inclusion of ecologically relevant predictors (Dambach & Rédder 2011; Melo-Merino
et al 2020).

Remote sensing technology has been extensively employed in monitoring the
marine and coastal ecosystems (Amani et al 2022b). It offers several key advantages
compared to in situ measurement, such as synoptic coverage of ocean features, rapid
data acquisition, and the capacity for continuous observation (Santos 2000; Klemas
2013). Marine environmental parameters such as chlorophyll-a (Chl) and sea surface
temperature (SST) were considered to be strongly associated with the abundance and
spatial distribution of R. kanagurta (Nurdin et al 2017; Kamaruzzaman et al 2021). Other
factors, including sea surface height (SSH) and sea surface salinity (SSS), have been
reported to affect the distribution of the species (Yusop et al 2021; Akter et al 2024).
However, the influence of these environmental parameters on the spatiotemporal
distribution of R. kanagurta is not fully understood, particularly in the IFMA 713.

Therefore, this study aimed to predict the habitat distribution of R. kanagurta by
developing habitat suitability models using the RF algorithm and to investigate the
relationship between its spatial distribution and marine environmental parameters in
IFMA 713. The results of this study will benefit fisheries management practice for
stakeholders in the region. In addition, the study offers a cost-effective approach for
monitoring small pelagic fish distribution in Indonesia.

Material and Method

Description of the study sites. The study was conducted in the IFMA 713. This area is
located between 1°1'10” - 8°29'47” S and 114°25’41” - 122°40'56"” E, encompassing the
Makassar Strait, the Bali Sea, the Flores Sea, and the Gulf of Bone (Figure 1). IFMA 713
is passed by the Indonesian Throughflow (ITF), which transports water masses from the
Pacific Ocean to the Indian Ocean (Gordon et al 2019). The region is heavily influenced
by the Asian-Australian monsoon (Zainuddin et al 2023). In the southeast monsoon
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(June-August), the waters' primary productivity in the region is increased due to the
confluence of water masses from the Pacific Ocean, the Java Sea, and the Flores Sea
(Atmadipoera & Widyastuti 2014). Meanwhile, in the northwest monsoon (December-
February) with high rainfall, some areas experience an increasing nutrient concentration
carried by runoff from rivers in Kalimantan and Sulawesi. Therefore, it is one of the most
productive fisheries areas, especially for small pelagic fish such as mackerels (Rastrelliger
spp.), scads (Decapterus spp.), selar (Selar spp.), and sardines (Sardinella spp.)
(Apriansyah et al 2024).
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Figure 1. Map of the study area.

Fishery data. Daily occurrences of R. kanagurta from January 2018 to December 2022
in IFMA 713 were extracted from fishing logbook dataset retrieved from the Ministry of
Maritime Affairs and Fisheries of Indonesia. The data contains the geographic coordinates
of the fishing location, fishing time, catch weight, and the type of fishing gear. For
modeling purposes, we used positive catch data from mixed fishing gear, such as purse
seine and gillnet. The occurrence data were then compiled into a monthly dataset and
resampled following the spatial extent of the environmental variables.

Environmental data from remote sensing. The present study utilized remotely
sensed environmental data from 2018 to 2022, i.e., Chl, SSH, SSS, and SST, which
coincided with the R. kanagurta occurrence record. Chl and SST were retrieved from the
Aqua MODIS level 3 imagery (https://oceancolor.gsfc.nasa.gov/). Meanwhile, the sea
surface height (SSH) and sea surface salinity (SSS) were obtained from the Copernicus
Marine Environmental Monitoring Service (CMEMS) (https://marine.copernicus.eu/).
These data have different spatial resolutions (Table 1). Hence, Chl and SST were
downscaled following the spatial resolution of SSH and SSS using QGIS 3.40.4.
Subsequently, each of the environmental predictors was averaged into monthly multi-
year data using the median composite technique.
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Table 1
List of environmental predictors obtained from remote sensing

Environmental variables Unit Sp at/q/ Temp O_fa’ Source
resolution resolution
Chlorophyll-a mg m-3 4 km Monthly Aqua MODIS
Sea surface salinity psu 0.083° Monthly CMEMS
Sea surface height m 0.083° Monthly CMEMS
Sea surface temperature °C 4 km Monthly Aqua MODIS

Environmental profiling and pseudo-absence data generation. Dataset obtained
from fishing logbooks generally only recorded the presence of a species without
information regarding its absence. Under such conditions, pseudo-absence (background
point) can be generated in the study area to represent the species absence data (Barbet-
Massin et al 2012; Iturbide et al 2015). Before sampling the pseudo-absence data, we
clustered the study area based on the values of the environmental parameters using the
k-means algorithm. Following the clustering analysis, pseudo-absence data were then
randomly sampled in the clustered area where R. kanagurta has been recorded (Phillips
et al 2009). The number of pseudo-absence samples taken is equal to the number of
presence data, as recommended by Barbet-Massin et al (2012). Pseudo-absence data
were generated using the "flexsdm” package (Velazco et al 2022).

Multicollinearity test. Prior to modeling, it is necessary to assess multicollinearity
among the predictor variables. Multicollinearity is a condition in which predictor variables
are highly correlated in multiple regression modeling (Allen 1997). It can reduce the
predictive capacity and interpretability of a model (Dormann et al 2013). Multicollinearity
can be assessed using a pairs plot and the variance inflation factor (VIF) (Shrestha
2020). VIF identifies how much variance increases in regression coefficients as a result of
multicollinearity among predictor variables (Yati et al 2024). The VIF was calculated using the
following formula:

1
VIF = 5 (1)
1-R
where R? is a coefficient determination of the targeted variable on the remaining
predictor variables. Correlation coefficient | r | > 0.8 and VIF = 10 are indications of
multicollinearity (Shrestha 2020).
1

Model fitting and evaluation. The development of habitat suitability models for R.
kanagurta involves the construction of a spatial dataset consisting of environmental data
as predictor variables and species occurrence data (presence/pseudo-absence) as the
target variables. This data set was then split into two parts: 70% training data and 30%
test data. The training data were used as input to construct models using the RF
algorithm. To maintain the generalization ability of the models and reduce the risk of
overfitting, the training process was combined with 10-fold cross-validation method.
Although RF is internally validated, the cross-validation method facilitates the automatic
selection of the optimal hyperparameters of the models. The remaining 30% test data were
used as external validation to evaluate the models’ performance using a confusion matrix
(Table 2).

Table 2
Confusion matrix used to evaluate the predictive accuracy of the Indian mackerel habitat
suitability models

Observed
Presence Absence Sum
Predicted Presence TP FP TP + FP
Absence FA TA FA + TA
Sum TP + FA FP + TA N=TP + FP + FA+ TA

Note: TP = true presence, FP = false presence, TA = true absence, FA = false absence, and N = total number of
observations.
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Based on the confusion matrix, we calculated overall accuracy (Eq. 2),
sensitivity/true positive rate (Eq. 3), specificity (Eq. 4), false positive rate (Eq. 5)55, true
skill statistics (Eq. 6), and area under the curve of the receiver operating characteristic
(Eq. 7). These metrics assessed the performance of the models from different
perspectives (Franklin 2010; Guisan et al 2017). The overall accuracy (OA) measures the
capacity of the models to classify accurately the presence and absence classes.
Sensitivity is the percentage accuracy of the model in predicting the presence class. On
the other hand, specificity is the percentage accuracy of the model in predicting the
absence class. The false positive rate (FPR) is the percentage of model errors in
predicting the absence class. True skill statistic (TSS) measures model performance by
considering sensitivity and specificity. The TSS value is between -1 and 1, where 1
indicates perfect prediction, while a TSS value of 0 can be interpreted as no agreement
between prediction and observation (Allouche et al 2006). The area under the curve of
the receiver operating characteristic (AUC) is an independent threshold metric used to
assess the model's discrimination capacity. AUC value is obtained by calculating the area
under the receiver operating characteristic curve — a plot between sensitivity and FPR at
various threshold values (Guisan et al 2017). AUC value is in the range of 0 to 1, where
0.5 is equivalent to random guess and 1 is categorized as excellent performance. The
following are the formulas for those metrics:

_TP+TA (2)
- N
Sensitivity (TPR) = =" (3)
TP + FA
L TA (4)
Specificity = TA T EP
FPR = 1 - Specificity (5)
TSS = Sensitivity + Specificity - 1 (6)

1 1 (7)
AUC =f TPR(FPR " (x)) dx
0

All analysis were performed using the R programming language version 4.4.1 (R
Core Team 2024). The “terra” package (Hijmans 2024) was used to construct the spatial
dataset. The “randomForest” (Liaw & Wiener 2002) and “caret” (Kuhn & Max 2008) were
used for modeling. We used “tidyverse” and “ggplot2” packages (Wickham 2016;
Wickham et al 2019) for data analysis and visualization.

Results. Figure 2 illustrates the temporal variability of the environmental parameters in
the study area. The highest average Chl concentration of 0.53 mg m=3 was observed in
January, and the lowest of 0.34 mg m=3 was recorded in October. The average SSH
reached its maximum value at 0.7 m in January, while its minimum at 0.56 m was
recorded in August. The average SSS peaked at 33.78 psu in September and dropped to
the lowest value of 31.72 psu in April. The highest SST average was recorded at 30.63°C
in November, while the lowest SST of 28.78°C occurred in August. The analysis revealed
skewed distributions and potential outliers in the environmental parameters, suggesting a
non-parametric approach for modeling the habitat suitability of R. kanagurta in IFMA
713.

The pairs plot used to determine the correlation between predictor variables is
shown in Figure 3. As can be seen, there was a negative correlation between Chl and
SSH with | r | = 0.51, as well as the correlation between Chl and SSS with | r | = 0.59.
SSS and SST also had a negative correlation with | r | = 0.7. Conversely, a positive
correlation was found between SSH and SST with | r | = 0.58. However, the analysis
showed no correlation exceeding 0.8. Similarly, the VIF test (Table 3) revealed no value
greater than 10. As the tests indicated the absence of multicollinearity, all predictor
variables were used to develop habitat suitability models for R. kanagurta.
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Figure 2. Monthly variability of the environmental parameters in IFMA 713 during 2018- 2022.
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Figure 3. Pairs plot shows the correlation among predictor variables (Chl = chlorophyll-a,
SSH = sea surface height, SSS = sea surface salinity, SST = sea surface temperature).

AACL Bioflux, 2025, Volume 18, Issue 6. 2694
http://www.bioflux.com.ro/aacl



Table 3
Variance inflation factor of predictor variables across different months

Variance inflation factor (VIF)

Month Chi SSH 5SS SST
January 2.269 2.401 3.752 1.230
February 2.047 2.226 2.897 1.474

March 1.610 1.187 1.643 1.232

April 1.660 1.053 1.657 1.153
May 1.751 1.162 1.755 1.263
June 1.486 1.190 1.764 1.183
July 1.260 1.362 1.486 1.251
August 1.148 1.400 1.384 1.369
September 1.219 1.542 2.381 2.194
October 1.447 1.741 2.976 2.188
November 1.695 1.470 2.154 1.105
December 2.146 1.670 3.264 1.242

Model performance and influence of environmental predictors. The performance of
habitat suitability models from January to December is summarized in Table 4. All models
obtained OA > 0.8, TSS > 0.7, and AUC > 0.9. These results suggest that the models
performed well and can be further used to analyze the R. kanagurta habitat in the study
area.

Table 4
Monthly model performance across different metrics

Model OA Sensitivity Specificity FPR 7SS AUC
January 0.931 0.980 0.882 0.118 0.862 0.991
February 0.933 0.983 0.883 0.117 0.866 0.967
March 0.931 0.985 0.877 0.123 0.862 0.987
April 0.962 0.981 0.942 0.058 0.923 0.980
May 0.939 0.938 0.939 0.061 0.877 0.991
June 0.950 0.900 1.000 0.000 0.900 0.997
July 0.947 0.936 0.957 0.894 0.894 0.997
August 0.958 0.958 0.958 0.042 0.917 0.995
September 0.987 1.000 0.974 0.026 0.974 0.999
October 0.979 1.000 0.958 0.042 0.958 0.988
November 0.924 0.923 0.925 0.075 0.848 0.958
December 0.892 0.946 0.838 0.162 0.784 0.939

In RF, the relative importance of predictor variables can be calculated using variable
importance measures (Boulesteix et al 2012). The variable importance measures (VIM)
for classification can be performed in two forms: permutation importance (mean decrease
accuracy) and gini importance (mean decrease gini) (Goldstein et al 2011). While gini
importance is computationally efficient, permutation importance is considered more
reliable (Altmann et al 2010; Boulesteix et al 2012). Therefore, we use permutation
importance to estimate the relative contribution of predictor variables in the constructed
habitat suitability models for R. kanagurta.

The importance score of predictor variables in the models exhibited monthly
variation (Figure 4). Chl, SSH, and SSS emerge as the most influential predictors in
determining the spatial distribution of R. kanagurta. These variables alternately obtained
the highest importance from January to December. While SST did not exhibit a significant
contribution, its exclusion as a predictor variable led to deterioration of the model's
performance.
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Figure 4. A polar plot illustrates the relative contribution of each environmental variable on
the habitat distribution of Rastrelliger kanagurta in IFMA 713 from January to December.

The implementation of RF in the “randomForest” package adopts the partial plot feature
(Liaw & Wiener 2002). This feature allows the measurement of the marginal effect of
predictor variables on the target variable. The partial plot of the habitat models is shown
in Figure 5. This graph shows the non-linear relationship between environmental
predictors and the occurrence probability of the R. kanagurta and illustrates how
environmental gradients affect the likelihood of the species' presence in the study area.

In January, when SSS and Chl were identified as the most influential variables,
the occurrence probability of the species was approximately 70 to 90% for SSS values of
31.9 to 32.6 psu and Chl concentration of 0.15 to 0.38 mg m=3. During February and
March, in which the model outputs indicated Chl as the variable with the highest
importance score, followed by SSS, the likelihood of the R. kanagurta present ranged
from 70 to 93% under Chl of 0.12 to 0.3 mg m=3 and SSS value of 32.12 to 33.82 psu. In
May and June, with SSH and SSS as the most influential variables, the probability of the
species occurrence was approximately 80 to 90% at SSH levels of 0.62 to 0.69 m and
SSS values of 32.64 to 33.77 psu. From July to October, when SSH and Chl were
recorded as the primary and the second important predictors, the likelihood of the
species present was around 75 to 90% for SSH level 0.54 to 0.67 m and Chl
concentration at 0.13 to 0.22 mg m=3. In November, with SSH and SSS emerged as the
most important variables, the occurrence probability of the species was approximately 93
to 99% at SSH 0.66 to 0.7 m and SSS value of 33.69 to 34.21 psu. By December, when
all predictors made almost the same contribution, the presence probability of R.
kanagurta was approximately 65 to 77% under SSH level 0.71 to 0.74 m, SSS value of
32.69 to 33.07, Chl concentration of 0.15 to 0.25 mg m3, and SST value of 29.65 to
30.19°C.
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Figure 5. Partial plots show the marginal effect of environmental variables on the
occurrence probability of Rastrelliger kanagurta in IFMA 713 from January to December.

Predicted habitat suitability maps. Monthly habitat suitability models based on the
random forest (RF) algorithm were used to predict the spatiotemporal distribution of
Rastrelliger kanagurta within the IFMA 713. The predicted maps of the potential habitat
from January to December are shown in Figure 6. This map illustrates the habitat
suitability index (HSI) for Rastrelliger kanagurta, which ranges from 0 to 1, where O
indicates unsuitable habitat and 1 represents optimally suitable habitat. From January to
March, the HSI > 0.5 extended from the coast of East Kalimantan to South Kalimantan,
with some patches near the coast of West Sulawesi and South Sulawesi. During April to
August, the high potential areas were concentrated mainly around the coast of South
Kalimantan and the Pangkajene Islands. From September to November, the HSI > 0.5
shifted slightly towards southwest, covering South Kalimantan and Kangean Island (part
of IFMA 712), while scattered patches were also detected in the Gulf of Bone. In
December, high-potential areas were dispersed across almost the entire region, yet the
highest potential area persisted along the coast of South Kalimantan.
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Figure 6. Spatiotemporal habitat distribution of Rastrelliger kanagurta in IFMA 713.

Discussion. This study presents the main results of habitat suitability modeling to
investigate the spatiotemporal distribution of R. kanagurta and its relationship with
environmental factors in the IFMA 713. By utilizing remotely sensed data and the RF
algorithm, the constructed habitat model achieved an average OA of 0.944+0.026, an
average TSS of 0.889+0.051, and an average AUC of 0.982+0.019. While OA is often
neglected as a metric in habitat modeling due to its prevalence dependence, it provides a
general overview of the thematic accuracy of the models, particularly when used on a
balanced dataset (Szabd et al 2024). In contrast, TSS is not dependent on data
prevalence and can gain insight into the model's predictive ability at the class level. A
TSS > 0.8 indicates that the model has good predictive ability (Yati et al 2024).
Meanwhile, AUC evaluates the model's performance at different thresholds between 0
and 1. An AUC > 0.9 suggests that the constructed models have excellent predictive
performance (Franklin 2010).

Regarding the influence of environmental variables, our study highlights the
importance of Chl, SSH, and SSS in shaping the distribution of R. kanagurta. Chl
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concentration is considered as the key information for identifying fishing grounds, as it is
a proxy of phytoplankton biomass - the main diet of pelagic fish (Amani et al 2022a;
Zainuddin et al 2023). Previous studies examining the habitat distribution of R. kanagurta
in Spermonde waters (part of IFMA 713) reported that the habitat preference of this fish
was at Chl 0.30 to 0.40 mg m=3 (Nurdin et al 2017). A study by Yeny Nadira et al (2019)
also revealed that high distributions of this fish were observed at Chl 0.24 to 0.42 mg
m-3. It is almost the same as the findings in this study, where the higher probability of
occurrence of this species is in the range of Chl 0.12 to 0.38 mg m3,

SSH reflects the dynamic height of the ocean surface, which is influenced by
various factors, including wind stress, oceanic fronts, upwelling, and eddy currents
(Belkin 2021). Low SSH is an indication of coastal upwelling, which contributes to
increased primary productivity of the waters (Asch & Checkley 2013). According to
Zainuddin et al (2023), the southeast monsoon, which generally occurs from July to
August, is the main driver of upwelling in the southern part of the IFMA 713. This
phenomenon is further substantiated in Figure 2, where the SSH in August is distinctly
lower than in other observed months. The interplay between the Indonesian Throughflow
(ITF), seasonal monsoon winds, and complex seabed topography facilitates the formation
of eddies in IFMA 713 (Nuzula et al 2017). Anticyclonic eddies, which are associated with
higher SSH, may concentrate the prey of pelagic fish, resulting in productive fishing
grounds (Klemas 2013). Recent study by Akter et al (2024) reported that the main
fishing ground of R. kanagurta in Maharashtra waters ranged from SSH levels of 0.3 to
0.4 m. In Malaysia’s exclusive economic zone, Kamaruzzaman et al (2021) observed that
the preferred SSH for the species ranged from 1.1 to 1.7 m. However, the findings of the
current study diverge slightly, in which the species preferred a SSH range of 0.5 m to
0.75 m. This discrepancy may be attributed to differences in oceanographic
characteristics in each region. Consequently, the species show different responses as a
form of adaptation to the local environmental conditions.

SSS has a direct influence on small pelagic fish physiology. It affects the
osmoregulation of the fish, which in turn impacts their growth, gonad maturity, and
habitat selection (Chen 2022; Zheng et al 2022; Yang et al 2024). In IFMA 713, the
fluctuation of SSS follows seasonal patterns (see Figure 2). The SSS value gradually
increased during the southeast monsoon (July to August) and reached its peak during the
transition monsoon (September to November). The finding of this study indicates that
preferred SSS for R. kanagurta in IFMA 713 ranges from 31.0 to 33.07 psu. This range is
slightly lower than the previous report, which identified a preferred SSS of 33 to 36.5 psu
(Akter et al 2024).

Water temperature is widely acknowledged as one of the most important abiotic
factors governing the distribution of small pelagic fish. It has a direct impact on the
metabolism and embryo survival of the fish (Yang et al 2024). Extreme temperatures
have a detrimental effect on fish growth and usually prompt fish to migrate (Sun & Chen
2014; Chen 2022; Lindmark et al 2022). According to Chen (2022), each fish species has
a different temperature tolerance range, which varies due to the influence of other
environmental factors or the biological status of the fish. Our findings suggest that R.
kanagurta in IFMA 713 exhibit considerable adaptability to SST fluctuations within the
range of 27 to 32.5°C. This adaptive capacity was evidenced by monthly variations of
their response curve and relatively lower importance score of SST compared to other
explanatory variables.

Based on the constructed habitat models, it was revealed that the habitat
preference of R. kanagurta from January to December mainly concentrated along the
coast of South Kalimantan to Kangean Island. This finding is consistent with the study
conducted by Panggabean et al (2023) which identified the area as a major fishing
ground in the IFMA 713. In addition, several areas with HSI > 0.5 were also identified on
the coast of West Sulawesi, South Sulawesi, and Bone Gulf. Specifically in the coastal
region of South Sulawesi, Nurdin et al (2015, 2017) reported the area as a high-potential
fishing zone for catching R. kanagurta, thereby validating the findings of the current
study. Furthermore, the high HSI areas (HSI > 0.8) as depicted in Figure 6, could be
used as a reference for implementing dynamic fishery management practice, such as
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determining catch quotas and imposing temporary restrictions on certain zones to reduce
pressure on spawning areas (Maxwell et al 2015; Karp et al 2025).

Conclusions. This study successfully developed habitat suitability models for the
Rastrelliger kanagurta in the IFMA 713. Random forest proved to be an effective machine
learning algorithm in developing habitat suitability models with limited training data, as
indicated by TSS and AUC scores. Although the influence of environmental parameters on
the distribution of Rastrelliger kanagurta varies throughout the year, Chl, SSH, and SSS
emerge as the most significant drivers overall. The highest potential habitat of the
species, which is predominantly observed around the coast of South Kalimantan and
Kangean Island, offers a valuable insight in assisting sustainable fisheries management.
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