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1- Species distribution models: SDM
2- Habitat suitability models

3- Ecological niche models

4- Habitat estimation models
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1- Collinearity
2- Habitat Suitability Index (HIS) modelling
3- Machine learning: ML
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2- Arithmetic mean model

3- Geometric mean model

4- Minimum model

5- Maximum model

6- Continued product model: CPM
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Figure 1. Plots of the fitted suitability indices (SI) for different environmental parameters (SST, SSS and
Chl-a) in relation to fish distribution in different months (taken from: Wang et al. (2023) (63)).
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1- Linear Models: LM
2- Generalized Linear Models: GLM
3- Generalized Additive Models: GAM
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Figure 2. Diagrams of the relative effects of environmental variables (POC and log (PIC)) affecting fish
distribution in a GLM model (taken from: Moézzi et al. (2023) (42)).
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Figure 3. Fitted plots of GAM model smoothing for fish biomass versus different environmental parameters
(taken from: Moézzi et al. (2022) (19)).
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Figure 4. Schematic representation of a regression tree model (a); a final regression tree model for a data set (b).
In the figure, the trailing numbers at each terminal node indicate the samples and percentage coverage
associated with that node (taken from: Kuhn and Johnson (2013) (99)).
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Figure 5. Schematic view of the support vector separator plane associated with two groups of predicted
data points (Category A-MDD and Category B-HC) (taken from: Pinser and Schnyer (2020) (119)).
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