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DATA-IN
Ecological network analysis (ENA)

• Synthetic indicators of ecosystem status.

• Quantification of resilience and stability.

• Detection of early signs of stress prior to traditional 

indicators.

• Examples include D‘Alelio et al. (2016) and Tecchio et al. 

(2016). 

Statistical models (STM)
• Mainly describe patterns but difficult to unravel mechanisms.

Individual-based models (IBM)
• Individual interactions where complex patterns 

emerges from simpler rules.

• Captures population/community heterogeneity and 

stochastic processes.

• Computationally expensive.

Adaptive trait-based models (ATM)

• Describe a population or community by the mean 

variance of a trait distribution.

• Assumes an environment-mediated trade-off dictates 

the dynamics of the trait.

• Computationally efficient and change focus from groups 

or taxa to traits.

• Examples include Terseleer et al. (2014) and Chen et 

al. (2018).

• Have a standard protocol for model 

description.

• Examples include Toseland et al. (2013) 

and Hellweger et al. (2014).

Improving the integration and 

use of observational data

Data needs and 

societal application

• Focus on taxon presence/absence or various 

DNA/RNA sequencing data.

• Robust analysis of various types of diversity data.

• Examples include Righetti et al. (2019) and Ibarbalz

et al. (2019).

• Static representation of the flow of energy or matter as networks.
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Plankton Functional Type models (PFT)
• Aggregation of organismal or species variability into groups with 

similar functionality.

• Applicable across trophic levels.

• Modular and easy to hybridize with other 

approaches. 

• Examples include Fasham et al. (1990) and Follows 

et al. (2007).
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Acclimation models (ACC)

• Assumes instantaneous shifts in trait values at individual level 

(e.g. intracellular stoichiometry)

• At the population or community-level describes results from 

selection processes.

• Describes acclimation based on time-integrated 

performance.

• Examples include Pahlow et al. (2008) and 

Bonachela et al. (2013).
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