
Challenge: How can variability in DEB parameters be estimated from variation in data?

DEB-IBM

• Allows for extrapolation of individual-

level energetic effects to populations

Species: Nitocra spinipes

• Brackish water copepod

• Worldwide distribution

• Ecotoxicological test species*

• DEB parameters

available[3]

* - OECD ENV/JM/MONO(2014)17

- ISO 14669:1999

- ISO/TS 18220:2016

Inter-individual variability

• Integral in population resilience

• Data available for N. spinipes:
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Introduction

Conclusions

• Variability in DEB parameters can be estimated from experimental data

• Adding variability to a single parameter provided a good approximation of

observed variation in measured data and can easily be implemented in the IBM
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Methods

Results & Discussion
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What parameters?

Variance based global 

sensitivity analysis

The first-order effect indices 𝑆𝑖
[4] (always between 0 and 1) indicate 

how much of the output variance 𝑉 𝑌 can be directly attributed to 

each respective input parameter 𝑋𝑖

𝑆𝑖 =
𝑉𝑋𝑖 𝐸𝑋~𝑖 𝑌 𝑋𝑖

𝑉 𝑌

Monte Carlo simulations with all parameters uniformly distributed
(+/- 20%) around their respective reference value from the

preceding parameter estimation[3]

Adjust scale 

parameter 

to minimize 

loss function

Run Monte Carlo

simulations of 

106 individuals

Compute loss function

What scale of variation?

Optimisation algorithm

for scale parameter

What probability distributions?

Compare common 

distribution types

Simulations

n = 106 n = 106

(relative to mean) (relative to mean)

Parameter {  𝑝𝐴𝑚}  𝑣 [𝐸𝐺] [  𝑝𝑀] 𝜅 𝐸𝐻
𝑥

𝑆𝑖 Dev. time 0.44 0.003 0.03 0.06 0.36 0.06

𝑆𝑖 Brood size 0.42 0.001 0.01 0.11 0.39 0.05

• Observed endpoints are most sensitive to the 

maximum assimilation rate  𝑝𝐴𝑚

• Drawing  𝑝𝐴𝑚 from a log-normal distribution with 

an optimised scale parameter (SD) led to the best 

possible approximation of the variation in real data

Log-normal distribution 

with SD = 0.18
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