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A review on the aquatics species distribution modelling and its most important
methods

Abstract:

Proper recognition of species distribution patterns in aquatic ecosystems and their spatial and
temporal changes during the past, and predictions for the future is one of the essential
compartments of ecosystem-based fisheries management for aquatics stocks. Over the last
decades, innovation and usage of different statistical and classification techniques in species
distribution studies have been of high importance. Using modelling approaches has provided
critical information for fisheries managers in understanding the impacts of changes in
environmental conditions on fluctuations in aquatics populations and finding latent probable
relationships between them and the most influencing environmental factors. The present study
comprehensively reviewed the basics of species distribution modelling and its usage in fisheries
assessment of aquatic species populations. Based on the conducted studies, the most important
related developed modelling techniques under their methodological frameworks and their
advantages and disadvantages for fisheries distribution modelling analysis are described. The
presented topics could improve generally available knowledge about the practical incorporation

of different species distribution modelling especially with fisheries importance.

Key words: Species distribution, habitat, environmental factors, classic statistical models,

machine learning.
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! Species distribution models: SDM
? Habitat suitability models

® Ecological niche models

* Habitat estimation models
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! Collinearity
? Habitat Suitability Index (HIS) modelling
¥ Machine learning: ML
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! Suitability index: SI

2 Arithmetic mean model

% Geometric mean model

* Minimum model

® Maximum model

® Continued product model: CPM
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! Linear Models: LM

2 Generalized Linear Models: GLM

® Generalized Additive Models: GAM
* Gaussian distribution
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! Exponential family
2 Binomial

% Poisson

* Geometric

> Negative binomial
® Link function
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! Supervised learning
2 Unsupervised learning
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