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Abstract
Dynamic Energy Budget (DEB) theory provides a coherent framework to describe how or-
ganisms acquire and use energy and matter throughout the life cycle in response to envi-
ronmental conditions. The wide applicability suggests the generality of DEB theory and is
one of its main strengths. However, this same generality introduces a substantial degree
of abstraction, which can make model development challenging, particularly for newcom-
ers. This paper aims to support more transparent, biologically grounded, and reproducible
DEB modeling by proposing guidelines to make the development process more explicit and
accessible. We identify three main challenges: (1) how to link biological processes to their
mathematical representation, (2) which observations are needed to inform key physiological
processes, and (3) how to carry out parameter estimation and model validation in a transpar-
ent and reproducible way. To help overcome these issues, we briefly introduce core concepts
and discuss the six main steps in the DEB modeling workflow: model design, data collection
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and assessment, implementation, calibration, validation, and publication. These steps are
illustrated with a case study on zebrafish (Danio rerio) that demonstrates how data avail-
ability influences model development and the range of predictions that can be supported.
By proposing a structured workflow, we hope to encourage researchers to explore the full
potential of DEB theory.
Keywords: Modeling development workflow, Bioenergetics, Good modeling practices,
Estimation in-context, Model calibration, Model validation, Add-my-Pet

Highlights1

• DEB theory involves balance between generality and abstraction2

• Building DEB models remains a key challenge for researchers3

• Key challenges: process representation, data requirements, and calibration4

• Six-step workflow: design, data, implementation, estimation, validation, publication5

• Zebrafish case study shows how data availability shapes model predictions6

1. Introduction7

Mathematical models help us translate biological phenomena into quantitative, testable pre-8

dictions (Kooijman et al., 2024). A useful model requires clear assumptions, appropriate9

data, and robust calibration and validation (Marques et al., 2019; Lemmen and Sommer,10

2024; Swannack et al., 2025). Additionally, the development process should be transparent11

and accessible, supported by clear protocols for data collection and model design, validation,12

and publication (Grimm et al., 2010; Meier et al., 2025). Although models can be powerful13

tools, their outcomes strongly depends on the modeler’s experience, particularly when good14

modeling practices are not consistently applied (Holländer et al., 2009; Jakeman et al., 2024).15

Bioenergetic models are frameworks that quantify how energy is used to sustain life. At16

the individual level, they might describe how energy is acquired and allocated to physiological17

processes. Among existing approaches, Dynamic Energy Budget (DEB) theory provides a18

general and coherent framework to describe bioenergetics, which is strongly based on the19

first principles of mass-energy-entropy balances (Kooijman, 2010; Martin et al., 2012; van der20

Meer, 2006; Jusup et al., 2017). Since DEB theory is founded on these first principles, it21

can be applied across taxa and contexts, supporting a wide range of applications, such as22

aquaculture (Tan et al., 2022; Cheng et al., 2025; Kiffney et al., 2026), ecotoxicology (Jager23

et al., 2023; Accolla et al., 2020), population dynamics (Martin et al., 2012; Marn et al.,24

2020; Donati et al., 2026), comparative energetics (Tan et al., 2026; Le Moan et al., 2024;25

Kooijman et al., 2021), ecological niche characterization (Kearney, 2012; Kearney and Porter,26

2020), species interactions (Dajčman et al., 2025; Stavrakidis-Zachou et al., 2024), climate27

change (Pousse et al., 2022; Giacoletti et al., 2024; Lagunes et al., 2025), and conservation28
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(Lavaud et al., 2021; Marn et al., 2022a). This versatility is perhaps best illustrated by the29

Add-my-Pet (AmP) collection, which currently hosts canonical DEB models for more than30

7300 species (Marques et al., 2018; Add-my-Pet, 2026a).31

Such a wide range of applications hints towards the generality of DEB theory. However,32

this same generality also brings forth abstraction, which might hinder the process of deeply33

understanding the theory. As a result, new users of DEB theory—whether modelers or exper-34

imental researchers—may find the framework intimidating and difficult to grasp. Building a35

DEB model requires a clear understanding of the theory’s assumptions, equations, and ter-36

minology (Svoboda and Passmore, 2013; Swannack et al., 2025). This is why, based on our37

experience as both DEB theory students and instructors, we identify three major challenges38

for beginners: representation, data, and calibration.39

The first challenge, representation, concerns linking biological processes to their math-40

ematical counterparts in DEB theory. The modeler must distinguish between parameters,41

state variables, and initial conditions, while understanding the functional role or biological42

interpretation of each term in the model (Chiel et al., 2010; Swannack et al., 2025). This43

aspect is particularly important for biologists and other practitioners who are not primarily44

trained in mathematics, but may want to apply DEB theory to answer their research ques-45

tions. Moreover, since DEB state variables cannot be measured, auxiliary theory is required46

to transform model outputs into real-world measurements (Lika et al., 2011a; Kearney et al.,47

2021). While such an abstract representation of an organism provides generality and coher-48

ence with other disciplines, it further obscures the direct link between current practices in49

biology and DEB theory. As such, promoting a deeper understanding of these links remains50

essential to make DEB theory and its applications more accessible to a broader audience.51

The second major challenge concerns data, where beginners often struggle to: identify52

which types of observations are needed to inform specific physiological processes, design53

experiments that align with fitting DEB models, and understand how data limitations con-54

strain model structure and predictive power (Marques et al., 2019; Accolla et al., 2020; Cheng55

et al., 2025). Since data availability strongly influences model complexity, confidence in pa-56

rameter estimation, and the reliability of model predictions, guidance for beginners on this57

challenge is critical (Matyja, 2023; Lika and Kooijman, 2024).58

The third major challenge concerns model calibration. Experienced DEB modelers may59

follow well-established procedures for parameterization and validation (Lika et al., 2011b;60

Marques et al., 2019), but for newcomers, these steps can be unclear. The model calibration61

steps already require a deep understanding of the theory and existing tutorials tend to62

focus on its conceptual or mathematical details rather than on the practical details needed63

for its application (van der Meer, 2006; Kooijman et al., 2008; Nisbet et al., 2012; Jusup64

et al., 2017; Jusup and Kearney, 2024). Without clear consolidated guidelines in accessible65

language, DEB model fitting runs the risk of becoming subjective and overly dependent on66

personal experience.67

Altogether, these aspects contribute to the common perception of DEB theory as complex68

and elusive, reducing accessibility and hindering its widespread application. Consequently,69

clear and accessible methodological guidance on how to build a DEB model is necessary70
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to help modelers navigate the key challenges described above. We address this demand by71

providing clear and practical guidelines for developing DEB models.72

First, we introduce the core concepts of DEB theory, limiting the mathematical details to73

those needed to understand the modeling workflow, and point readers to relevant resources74

for a deeper understanding. We then discuss each step in the development of a DEB model,75

from data collection and model design to model implementation, calibration and validation76

(Figure 1). Throughout these steps, we discuss good modeling practices that are applicable77

to model development and publication.78

Identify functional life
stages

Map morphological
transitions to functional
transitions

Choose the typified DEB
model

Decide if modules or
extensions are needed

Collect life history traits

Collect environmental data
alongside traits

Assess scope and
reliability 

Evaluate consistency
between datasets

Choose programming
language
Define initial state
Define environmental
conditions
Simulate model differential
equations
Apply auxiliary theory

Choose parameters to
estimate based on
available data
Choose initial parameter
values
Filter out unrealistic
parameter values
Use an algorithm to
calibrate parameters

Open source code
Document data
transformations
Document modeling
assumptions
Describe calibration
procedure
Ensure reproducibility and
reusability

Evaluate prediction errors
Visualize predictions
Compare parameters with
those of similar species in
Add-my-Pet
Test predictions on data
not included in the
calibration

MODEL DESIGN DATA COLLECTION 
& ASSESSMENT

IMPLEMENTATION &
USAGE MODEL CALIBRATION MODEL VALIDATION MODEL PUBLICATION

RESEARCH QUESTION

ESTIMATION IN-CONTEXT

D
EC

IS
IO

N
S

Does the organism's life
history match with the
model dynamics?
Are transitions aligned with
biological events?
Is the model the simplest
that can answer the
research question?

CH
EC

KS

Do the data cover all key
life stages and procesess?
Are environmental
conditions available?
Are measurement details
available?
Are the data reliable and
consistent?

Is the initialization
appropriate?
Are the environmental
conditions suitable?
Is the auxiliary theory
correct?
Are units and measurement
conventions consistent?

Are the parameters
identifable from the
available data?
Should environmental
conditions be estimated?
Did the parameter
optimization converge to an
acceptable minimum?

Are there prediction
tradeoffs between
datasets?
Does the model capture the
intended patterns?
Are model predictions
realistic even for traits not
present in the calibration
data?

Is the code available to
future users?
Can the data be reused?
Can the model calibration
be reproduced indepently?
Are model assumptions
reported clearly?
Can the model be extended
by others?

Figure 1: Steps, decisions, and checks in DEB model development, from model design and data collection
to implementation, calibration, validation, and publication. Model development is iterative, and both the
research question and the estimation-in-context principle should be considered throughout the workflow.

To illustrate these concepts, we develop a DEB model for a case study species: the79

zebrafish (Danio rerio). We show how the structure of the model should be guided by the80

biology of the organism and when extensions of the standard DEB theory are needed to81

capture species-specific traits. Furthermore, we compare two DEB models of zebrafish with82

different levels of data availability (Box 1) to address a methodological question central to83

DEB model development: how does the availability of different types of data affect modeling84

choices, parameter estimation, and the range of predictions supported by the calibrated85

model?86
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Box 1. The two data levels in the zebrafish case study.

Zebrafish DEB models. We developed two DEB models for zebrafish (D. rerio). The
data-limited calibration includes basic data on development, growth, and reproduction.
The data-rich calibration includes all data from the data-limited calibration, in greater
quantity and with the addition of oxygen consumption and food intake data (Table 1).
On the completeness scale of Lika et al. (2011a), the data-limited calibration only reaches
2.5, which is similar to the majority of entries in the AmP database. The data-rich
estimation reaches a completeness of 5.0, similar to the most data-rich entries in AmP.

Table 1. Data for each zebrafish calibration.

Calibration data Data-limited Data-rich

Age & length/weight

Fertilization ✓
Birth ✓ ✓
Metamorphosis ✓
Puberty ✓ ✓
Ultimate ✓ ✓

Lifespan ✓ ✓

Growth trajectories (length/weight)
Food levels Single Multiple
Temperatures Single Multiple

Reproduction data
Max. reproduction rate ✓ ✓
Reproduction over time ✓
Gonado-somatic index ✓

Food intake ✓
Oxygen consumption ✓

Completeness score 2.5 5.0

Model implementation and publication. The zebrafish DEB models were derived
from the zebrafish model presently in the AmP database (Augustine, 2018). Models
were implemented in MATLAB with the DEBtool package (Add-my-Pet, 2026b) and
were calibrated with the AmP estimation procedure (Kooijman, 2025). All code is open
source and is archived in Zenodo (Klagkou et al., 2026b).
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2. Dynamic Energy Budget theory87

2.1. DEB theory fundamentals88

Several models can be derived under the umbrella assumptions of DEB theory. The89

simplest formulation1 able to coherently capture the full life-cycle of an organism while90

retaining all the core four state variables of the DEB theory is the. This model assumes that91

the surface area of an organism remains proportional to its volume to the power of 2/3, a92

property called isomorphy. In the standard DEB model, each organism is described by four93

state variables: reserve E [J], structure V [cm3], maturity EH [J], and reproduction buffer94

ER [J].95

Parallel developments inspired by DEB theory have also been developed aiming for prag-96

matic applications rather than theoretical generality. A notable example is the reserve-less97

DEBkiss model (Jager et al., 2013), which shares a lot of similarities with the early de-98

velopments of DEB theory (Kooijman and Metz, 1984). This model is generally used for99

ecotoxicological essays and environmental risk assessments. The absence of the reserve im-100

plies that the DEBkiss model cannot be derived as a simplification of the std DEB model,101

nor vice versa; therefore, processes and parameter values are not directly comparable be-102

tween the two models. Since we aim to address challenges overarching DEB theory in a103

general sense, we will focus the following sections only on the standard DEB model and its104

derivations.105

Reserve E represents stored energy and is used to fuel all metabolic processes. Structure106

V represents the proportion of the organism’s physical biomass that determines its body107

size (length) and requires maintenance throughout the life cycle. Maturity EH is the108

cumulative energy invested in developing complexity and determines transitions between life109

stages, e.g., from juvenile to adult. Lastly, the reproduction buffer ER accumulates energy110

stored for gamete production in the form of reserves.111

The biomass of an organism is composed of reserve E and structure V (and possibly the112

reproductive buffer ER for mature individuals) which represent aggregated pools of com-113

pounds rather than a single compound. To ensure a trackable stoichiometry, both reserve114

and structure are assumed to have a constant chemical composition; this simplifying as-115

sumption is known as strong homeostasis. Reserve and structure are typically composed of116

carbon, hydrogen, oxygen, and nitrogen atoms (e.g., CHaObNc) at fixed ratios. Since these117

ratios are invariant, their composition can be expressed in terms of C-moles (i.e., a quantity118

of an element scaled by one mole of carbon atoms). This is a powerful property of DEB119

models that ensures mass traceability, and allows the chemical composition of the whole120

organism to change along with the relative ratios of reserve and structure.121

1An even simpler formulation is the DEBkiss model which is widely used for ecotoxicological assays
and environmental risk assessments. DEBkiss models are derived from many of the standard DEB models
assumptions; however they do not explicitly consider a reserve state variable. Although most of the guidelines
presented are also applicable to DEBkiss models, we focus our exposition on models derived from standard
DEB theory and refer to Jager et al. (2013); Jager (2025) for further details.
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A pragmatic starting point to elaborate on DEB dynamics is the process of converting122

food into reserve E, a process referred to as assimilation. The organism ingests food at a123

rate ṗX , called the ingestion power. In DEB notation, ṗ· refers to power, since the quantity is124

measured in measured in units of energy per time (J d−1), and the subscript X represents the125

process, in this case ingestion. The ingestion power is taken to be proportional to structural126

area V 2/3 in isomorphic organisms. Commonly, it is also defined to be proportional to a127

scaled functional response f(X), which is a Michaelis-Menten function of the density of food128

in the environment X. Then, the organism assimilates food into reserves E at a rate ṗA,129

which is proportional to ingestion ṗA = κX ṗX , where κX < 1 is the digestion efficiency.130

The remaining energy in the food is dissipated with some being converted to feces at a rate131

ṗP = κP ṗX , where κP is the defecation efficiency.132

After assimilation, reserve is mobilized at a rate ṗC and used to fuel all other metabolic133

processes. A fraction κ is allocated to maintenance and growth. This fraction is first used134

to pay somatic maintenance ṗS. Somatic maintenance is the energy cost required to support135

functional somatic processes, and is associated to maintaining basal processes such as cellular136

integrity, protein turnover, maintenance of gradient concentrations across membranes, as well137

as costs associated to movement. It is typically assumed to be proportional to structural138

volume V . The remaining mobilized energy κṗC − ṗS is used for growth, which is simply139

defined as the increase of structure V . The growth power is allocated at a rate ṗG. Under140

constant food availability, the reserve density [E] = E/V is assumed to remain constant.141

This is a core property of DEB theory called the weak homeostasis assumption. Due to142

the constant chemical composition of reserve and structure, the chemical composition of the143

organism as a whole also remains the same under constant food conditions. For isomorphic144

organisms, this assumption results in structural length L = V 1/3 dynamics simplifying into145

von Bertalanffy growth whenever they are exposed to constant environmental conditions and146

after reserve density has equilibrated to the food level (Pütter, 1920; Kearney, 2021).147

The other 1 − κ fraction is allocated to the maturity branch. This fraction is first used148

to pay maturity maintenance ṗJ which is proportional to maturity EH . The leftover is149

used to increase maturity at a rate ṗR. As maturity increases, the transition from one life150

stage to another is reached at specific thresholds with associated changes in the behavior151

of the model. The organism starts as an egg, surviving developing solely from the reserve152

initially contained in the egg, E0. When birth occurs (EH = Eb
H), the organism will have153

the same reserve density as the mother (known as the maternal effect assumption) and the154

organism will start feeding. When the organism reaches puberty (EH = Ep
H), maturity155

remains constant thereafter. The organism enters the adult phase where it allocates energy156

at a rate ṗR for reproduction.157

Temperature affects the rate at which all metabolic processes occur. As a result, the158

powers ṗ· are a function of both the state variables and the temperature, which will affect159

growth and when the organism is born or reaches adulthood. Temperature dependence is160

commonly modeled with an Arrhenius relationship that describes how rates changes with161

shifts in temperature.162

The powers ṗ· can be organized into three fundamental transformations:163
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ORGANISM

GROWTH TRANSFORMATION

DISSIPATION TRANSFORMATION

ASSIMILATION 
TRANSFORMATION

INPUTS STATE VARIABLES LIFE STAGE
TRANSITIONS

PROCESSES POWERS DISSIPATION &
OVERHEADS

ASSIMILATION MOBILIZATION

GROWTH

MATURITY
MAINTENANCE

MATURATION

REPRODUCTION

SOMATIC 
MAINTENANCE

NO

YES

REPRODUCTION
BUFFER 

TEMPERATURE

MATURITY 

RESERVE 

STRUCTURE 

FOOD

Figure 2: A diagram of the standard Dynamic Energy Budget model.

• Assimilation. Food is transformed into reserve, feces and mineral products.164

• Growth. Reserve is transformed into structure and mineral products.165

• Dissipation. Reserve is used to fuel all other metabolic processes, transforming reserve166

into metabolic products.167

Because state variables have chemical compositions, each of these transformations can168

be described by an aggregated chemical reaction. In each reaction, oxygen is consumed and169

some energy is released as heat and mineral products in the form of carbon dioxide (CO2),170

water (H2O), and nitrogenous waste2. These aggregated chemical reactions are the basis for171

the mass-energy-entropy balances of DEB theory. Further details can be found, for example,172

in Nisbet et al. (2012), Jusup et al. (2017), Jusup and Kearney (2024), or Kooijman (2010),173

pp. 138-165.174

The assumptions listed in this section are sufficient to fully specify the standard DEB175

model mathematically. Appendix A provides the dynamics equations for each state variable,176

the equations for the power or rate of each process as well as details on how temperature177

and food are typically modeled.178

2The nitrogenous waste depends on the organism, it is typically ammonia (NH3) for aquatic organisms
and uric acid (C5H4N4O3) or urea (CO(NH2)2) for terrestrial organisms
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2.2. Beyond the standard DEB model179

The standard DEB model provides a simple, widely applicable framework for describing180

energy acquisition and allocation during the life cycle (Kooijman, 2020b). In many cases it181

is an appropriate starting point; however, some taxa exhibit specific life-history dynamics182

that require explicit additions to the standard structure.183

For example, transitions between the three life-stages represented in the standard DEB184

model (embryo, juvenile, and adult) are defined by maturity thresholds (e.g., birth and185

puberty). However, depending on the species life-history and the modeling goal, they can186

also be a function of other state variables or of environmental conditions (e.g., temperature).187

Moreover, some specific life-history dynamics might not be accounted in the standard188

DEB model. A common example relates to shape changes throughout ontogeny. Larval189

phases of certain organisms commonly do not express isomorphic growth. Accurately repre-190

senting these phases require additional assumptions, which are captured using extensions of191

DEB theory (Marques et al., 2018).192

Several frequently observed life-history patterns have been formalized as typified DEB193

models in the Add-my-Pet collection (Marques et al., 2018). These typified models share194

most of the assumptions of the standard DEB model, but extend it to capture specific life-195

history dynamics. In Section 3.1, we discuss when these and other model extensions should196

be applied.197

2.3. From state variables to measurements198

The state variables of a DEB model (structure, reserve, maturity, and reproduction199

buffer) offer a simple representation of an organism as abstract quantities that cannot be200

directly measured (Lika et al., 2011a). Nevertheless, they can be connected to measurable201

quantities such as length, weight, oxygen consumption or reproductive output through aux-202

iliary theory (Lika et al., 2011a). Understanding the concept of auxiliary theory is one of203

the crucial bottlenecks stated in the earlier stated representation challenge. The goal of204

DEB auxiliary theory is to provide equations that transform abstract quantities associated205

to DEB theory into real-world measurements.206

A simple example is that of length. Structural length L is the cubic root of structure V ,207

and cannot be directly measured. To connect structure V to a measured length Lw, a shape208

coefficient δM to is used:209

Lw = L/δM = V 1/3/δM , (1)

where δM is associated with type of length measurement, e.g., shell width and shell length210

will have different shape coefficients. Another common example is that of wet weight Ww, a211

model prediction that requires the values of three state variables:212

Ww = dV V + (E + ER)wE

µ̄E

, (2)

where dV is the wet density of structure, commonly taken to be equal to 1 g cm−3, wE213

is the molecular mass of reserve, and µ̄E is the chemical potential of reserve. These three214
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parameters are examples of chemical parameters as they represent chemical properties of215

organic compounds (reserve, structure, food, and feces) Jusup et al. (2017); Jusup and216

Kearney (2024).217

Since DEB theory respects mass and energy conservation, and describes organisms through-218

out ontogeny, several measurable quantities can be modeled with DEB theory. These mea-219

surable quantities are often referred to as “implied traits” (Kearney et al., 2021). Over 200220

different traits ranging from the aforementioned observed length, to age at birth, survival221

time when starved, and ultimate reproduction rate can be calculated. As the name suggests,222

these traits are implied by converting state variables and parameters to measurable quanti-223

ties often through the application of auxiliary theory. Species-specific implied traits are also224

showcased in the Add-my-Pet collection website (Add-my-Pet, 2026a).225

3. Steps in DEB model development226

DEB models are representations of how organisms acquire and allocate energy and matter to227

growth, development and reproduction in response to environmental conditions throughout228

their life-cycle. As such, the primary objective when building a DEB model is not to achieve229

a perfect fit between calibration data and predictions, but instead, coherence: DEB models230

must remain consistent with known species physiology throughout ontogeny and across the231

ecologically relevant environmental conditions experienced by the species. This idea is a232

pillar of DEB model calibration and is known as the estimation-in-context principle (Lika233

et al., 2011a; Kooijman et al., 2024).234

Building a DEB model starts with linking an organism’s biology to an appropriate model235

structure (Section 3.1). The structure will then inform what data can be used for calibration236

and how it should be collected (Section 3.2). After implementation (Section 3.3), the model237

can be simulated (Section 3.3.1) and compared with real-world data via auxiliary theory (Sec-238

tion 3.3.2). Predictions of calibration data allow the estimation of parameters (Section 3.4).239

The parametrized model must then be validated while considering the estimation-in-context240

principle (Section 3.5). Finally, the modeling process should follow best practices to be241

reproducible and transparent (Section 3.6).242

Models are often developed with specific goals and research questions in mind, e.g.,243

“How will fish populations change with increasing temperatures driven by climate change?”244

or “How will polar bear food access and reproduction be impacted by reduced sea ice cover?”.245

These goals guide the model development and will help determine the appropriate level of246

detail. However, research questions can only be answered appropriately with a coherent247

and realistic DEB model. For this reason, DEB modeling is an iterative process that often248

requires revisiting assumptions and re-estimating parameters until the model is consistent249

with the species biology, the available data, and the intended use (see Figure 1).250

3.1. Model design251

Model design is the first step in DEB model development and focuses on translating the252

biology of the species into a DEB representation suitable for the research question. In this253
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section, we discuss how to identify the relevant life stages (Section 3.1.1), choose an appro-254

priate typified model (Section 3.1.2), and decide whether additional modules or extensions255

are needed (Section 3.1.3). These choices determine which processes are represented explic-256

itly and provide the basis for subsequent data collection, implementation, calibration, and257

validation. Although model design is presented here as a sequence of decisions, later steps258

may require revisiting the model structure and its underlying assumptions.259

3.1.1. Identifying life stages260

The life cycle of an organism can be described as a series of life stages, where each261

transition between stages is associated with major changes in form or function. In DEB262

theory, ontogeny can be described as a series of building blocks, called functional life stages,263

together with the logical conditions that govern the transitions between them.264

Functional life stages are defined by stage-specific dynamics (e.g., feeding vs. non-feeding,265

reproductively immature vs. allocating to reproduction) and by the assumptions that apply266

during that period. The most common functional life stages are egg, juvenile, and adult.267

Some organisms may need other functional life stages, such as fetus, baby, pupa, or imago,268

or additional variants to account for processes such as metabolic acceleration or the absence269

of growth. For example, many fish exhibit a period with increased growth rate after birth270

(Pecquerie et al., 2009; Lika et al., 2014b), and holometabolous insects pass through a pupal271

stage before emerging as an imago (Klagkou et al., 2024a,b).272

In DEB theory, transitions are events or conditions dependent on the values of the state273

variables that define when the model switches from one set of stage-specific dynamics to the274

next. The most common type is maturity thresholds, defined as conditions on the value of275

the maturity state variable EH .276

To fully represent the energetics of an organism over its life cycle, the qualitative behavior277

of each real-world life stage must be matched to its equivalent DEB functional stage. Here,278

the distinction between morphological and functional life stages is important. Morphological279

life stages are defined by recognizable changes in form or developmental milestones such as280

birth, hatching, weaning, or molts. As such, most collected data refer to morphological281

rather than functional life stages (Kearney et al., 2021). Morphological and functional life282

stages might not always align, and care must be taken when mapping one to the other.283

Similarly, life-stage transitions may not correspond to changes in morphology. Instead,284

they are best identified by changes in behavior, as these are more directly linked to the285

underlying processes. Nevertheless, morphology and function are connected, and changes286

in morphology often hint at shifts in energetic dynamics3. An illustrative example is given287

in Box 2: for zebrafish, hatching marks a morphological transition, whereas the functional288

transition (birth) occurs later, once feeding starts after the loss of the yolk sac.289

3Morphological transitions can nevertheless be tracked as developmental milestones, for example as ma-
turity thresholds, if they are of interest to the research question. See Augustine et al. (2011a) for an example
for zebrafish larval development.
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3.1.2. Choosing a typified DEB model290

A simple and robust starting point for choosing a model structure is to use a typified DEB291

model. Typified models are prebuilt model structures that specify a sequence of functional292

life stages and transitions between them. As mentioned earlier, these structures summarize293

key patterns in life histories and have been applied extensively across species in the Add-my-294

Pet (AmP) collection (Marques et al., 2018). They provide a practical default structure that295

allows comparability of parameter estimates across taxa (Kooijman et al., 2021; Augustine296

et al., 2019; Kooijman et al., 2020; Tan et al., 2026)4.297

Typified DEB models can be grouped into three classes, identified by the first letter of298

their three-letter acronym. The s–models are the closest to the standard DEB model and299

can have modifications such as fetal development or non-feeding and non-growing stages.300

The a–models apply to most species with a larval species and are characterized by a period301

of metabolic acceleration starting at, or soon after, birth and ending around morphologi-302

cal metamorphosis. The h–models are mainly used for holometabolous insects and include303

additional functional life stages, such as pupa and imago. Appendix B lists each existing304

typified model, their functional life stages, and transitions between them.305

In practice, choosing a typified model often starts by checking taxonomically similar306

species in AmP. Taxonomically similar species are likely to have similar ontogenies and con-307

sequently can be represented by the same typified models. For instance, most fish species308

are modeled using the abj typified model, which captures metabolic acceleration after birth.309

Appendix B lists common taxa alongside the typified models most frequently used to rep-310

resent them; the cited sources provide further details on each typified model.311

Finally, the functional life stages of the chosen typified DEB model should be checked312

against the ontogeny of the organism to verify that they match, whilst taking into account313

the considerations discussed previously. Although taxonomy is often sufficient to determine314

an appropriate DEB model structure, it may not lead always to the best choice, particularly315

for underrepresented taxa in the AmP collection. Additionally, existing choices of typified316

models in AmP should be critically evaluated as to whether the choice was driven by biology317

or by limited data availability. Since building a model is an iterative cycle, assumptions318

about life stage should be re-evaluated throughout the modeling process.319

3.1.3. Adding modules and extensions320

Although most DEB applications can be addressed with a typified model, some research321

questions may require additional levels of detail. DEB theory is explicitly modular, and322

several extensions have been developed that seamlessly integrate with the core framework.323

In general, these additions either introduce new metabolic pathways or refine mechanisms324

already present in typified DEB models.325

Common extensions included in DEB models introduce mortality processes, namely aging326

and starvation (Kooijman, 2010, pp. 214–221, 114–124, respectively). While starvation mor-327

4A comprehensive list of comparative energetics works is available at https://debportal.debtheory.
org/docs/DEBpapers.html
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Box 2. DEB model structure for zebrafish.

Figure 3. Life-history and developmental
milestones of zebrafish.

Life stages. After fertilization, zebrafish em-
bryos develop externally and progress rapidly
through early stages, reaching hatching within
2—3 days (Best et al., 2010). Larvae begin
swimming and feeding 1–2 days after hatch-
ing, while continuing to develop. From a DEB
perspective, birth is defined as the moment
the organism starts feeding, and therefore hap-
pens 1-2 days after hatching (Augustine et al.,
2011a). After birth, zebrafish experience ac-
celerated growth (Schilling, 2002; Eaton and
Farley, 1974a). Only after growth slows down
do zebrafish mature and start to reproduce
(Eaton and Farley, 1974b).
Typified model. Most fish are modeled with an abj typified DEB model, including
all species of the Danionidae family and the Cypriniformes order present in the AmP
collection. This typified DEB model is characterized by accelerated growth after birth,
which is consistent with growth data (Box 3).
Modules and extensions. Temperature effects are modeled with the 1-parameter Ar-
rhenius relationship (see Equation A.1). Food intake follows a scaled functional response
based on food density in the environment (see Equation A.2). To predict lifespan, we
also include the aging module (Kooijman, 2010). To properly model reproduction over
time and the weight associated with eggs, we consider the egg-laying module of Llandres
et al. (2015). This module introduces a maximum value to the reproduction buffer, adds
a state variable to account for the energy in eggs and has no extra parameters.

tality emerges as an endogenous process from DEB dynamics, the aging module introduces328

an additional hazard rate to simulate senescence allowing, for example, to predict species329

intrinsic lifespan.330

In ecotoxicology, DEB models are often coupled with toxicokinetic–toxicodynamic (TKTD)331

modules that link exposure to physiological effects (Jager et al., 2006; Augustine et al., 2012;332

Jager et al., 2023; Klagkou et al., 2026a). Other modules target specific structures or byprod-333

ucts, such as methane production (Marques et al., 2020), otolith formation (Fablet et al.,334

2011), or shell growth (Klok et al., 2014; Stechele and Lavaud, 2024). Advanced DEB models335

with multiple reserves and structures have also been proposed for higher plants (Schouten336

et al., 2020), phytoplankton (Lorena et al., 2010; Livanou et al., 2019), macroalgae (Lavaud337

et al., 2020; Venolia et al., 2020; Lagunes et al., 2026), and corals (Muller et al., 2009).338

Extensions have been developed to add more detail to feeding (Stavrakidis-Zachou et al.,339

2025), starvation (Augustine et al., 2011b; Klagkou et al., 2024b), and reproduction (Llandres340
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et al., 2015; Marn et al., 2022b; Firkus et al., 2023). DEB models have also been integrated341

into individual-based modeling (IBM) approaches (Martin et al., 2012; Desforges et al., 2019;342

Donati et al., 2026) and coupled with other biophysical models (Kearney and Porter, 2020;343

Lagunes et al., 2025).344

Modules and extensions increase the detail with which biological processes can be de-345

scribed. However, the increased detail often comes with the requirement to estimate addi-346

tional parameters which can lead to increased uncertainty. For this reason, we recommend347

simplicity: modules and extensions should only be added when they are specifically required348

to answer the research question.349

3.2. Data collection and assessment350

When building a DEB model for a given species, it is strongly recommended to establish351

a data collection plan beforehand. The chosen DEB model structure and research question352

determine which observations are needed, while data availability constrains what parameters353

can be calibrated. Here, we first discuss how to plan data collection (Section 3.2.1) and then354

how to assess whether the available data are sufficiently informative, reliable, and consistent355

for model calibration (Section 3.2.2). Later, Section 3.4.2 will discuss how available data356

impact the calibration process.357

3.2.1. Planning data collection358

When planning data collection, a useful starting point is the completeness scale proposed359

by Lika et al. (2011b). This scale ranges from 0 to 10 and describes increasing levels of360

data required for DEB parameterization. At the highest level, it includes growth in length361

and weight, respiration, ingestion, mass and energy balances over ontogeny, data at all life362

stage transitions, and observations at multiple food levels. Additionally, this data should363

also be collected across a range of temperatures to capture thermal response effects (Cheng364

et al., 2025). The main objective of data collection should be to obtain all these data types.365

Although such completeness is yet to be achieved in practice, the scale provides a concrete366

reference for deciding which data should be prioritized.367

Observations at major life stage transitions, such as age, length, and body mass at368

birth, metamorphosis, puberty, and other life stage transitions, are often accessible and369

are important for identifying changes in DEB dynamics. Trajectories describing growth,370

reproduction, feeding, and respiration over time are more difficult to obtain, but directly371

inform model dynamics and are therefore highly valuable for model calibration.372

Several types of measurement collected under the same environmental conditions are more373

informative than measurements of the same type collected under different and often unknown374

conditions. This reduces parameter uncertainty associated to the environmental conditions375

and allows the datasets to provide more information on parameter values (Kooijman et al.,376

2008; Lika et al., 2011a; Cheng et al., 2025). Environmental conditions are also part of the377

measurements and should be collected alongside biological observations, particularly for field378

data, as this directly mitigates the issue described. Therefore, the ideal scenario is to have379

multiple types of data collected under different and measured environmental conditions.380

14



DEB models describe an individual organism, but the available data may come from indi-381

viduals, cohort means, populations or species-level summaries. A common assumption when382

building a DEB model for a species is to disregard individual variability and assume that383

data from one individual or averaged from a sample of individuals both adequately charac-384

terize the species’ physiology (Oliveira et al., 2024). Consequently, individual variability will385

be a source of uncertainty and error in model predictions (Marques et al., 2019). Whether386

this assumption is acceptable will depend on the collected data and its degree of variability,387

as well as the required accuracy. On the other hand, if the objective is to model and describe388

inter-individual variability, then this assumption should be avoided and individual-level data389

and/or means and deviations can be used to estimate DEB parameters at the individual level390

(Palmer et al., 2024; Oliveira et al., 2024).391

A data collection plan should also assume that several sources may need to be combined.392

Relevant data may come from literature, reports, databases, museum archives, laboratory393

experiments, and field observations. For long-lived species in particular, combining multiple394

sources is often unavoidable given that a single study rarely covers the full life cycle unless395

experimentally designed to do so. These sources can be used within the same model, but396

particular attention should be paid to the consistency of the data (see next subsection).397

If major data gaps remain, data from closely related species can sometimes be used as a398

proxy, but it is less reliable and should be used with caution along with a deep knowledge399

of the life-history of both species.400

3.2.2. Assessing the available data401

After data have been collected, they should be evaluated as a whole for scope, reliability,402

and consistency. The quantity and quality of the available data influence which parameters403

can be estimated (see Section 3.4.2). If the research question requires estimating parameters404

that cannot be informed by the available data, then additional data collection is likely405

necessary.406

When multiple data sources are combined, consistency becomes a central issue. Differ-407

ences in environmental conditions are often the main cause of inconsistency. Temperature408

and food often differ among studies and are not always measured with sufficient detail. This409

is particularly relevant when laboratory and field data are included in the calibration data410

(Cheng et al., 2025). If some measurements are inconsistent with one another and there411

is insufficient information to resolve them, we recommend not including some datasets in412

the calibration, giving priority to higher quality datasets. Here, data quality should not be413

interpreted only as higher resolution or greater numerical precision. It should be assessed414

using explicit criteria, namely the agreement with other sources, the presence of outliers,415

the measurement protocol, and the completeness of the reported environmental conditions.416

Importantly, care should be taken to avoid modeler bias in data selection Holländer et al.417

(2009); Jakeman et al. (2024).418

Consistency checks should also include reporting conventions and measurement defini-419

tions. For example, body mass data should specify whether they refer to wet or dry mass420

and whether gonads are included; length data should specify the measurement method (e.g.,421

standard, fork, or total length for fish); time-based data should specify the time unit and422
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the reference point (e.g., age since fertilization or since birth).423

Graphical exploration can help detect unit mismatches, apparent outliers, implausible424

values, and conflicts among datasets, but it cannot resolve missing experimental details,425

such as food conditions or measuring methods, which are crucial to obtain accurate model426

predictions. When such details are lacking, the resulting uncertainty should be considered427

during model validation. Since inconsistent data sources can increase parameter uncertainty,428

prediction errors may then reflect data limitations rather than model performance. As such,429

it should be considered when weighting datasets during the calibration process, as datasets430

with an increased weight coefficient will have a stronger influence on parameter estimates431

(Marques et al., 2019, see also Section 3.4.1).432

3.3. Model implementation and usage433

With a defined model structure, the next step is to implement and use the model. Here,434

we distinguish two paradigms: simulation and prediction. Simulation consists of solving435

the model differential equations under conditions specified by the modeler (Section 3.3.1).436

In prediction, the objective is to obtain a model output that can be compared with mea-437

sured data. To get predictions, the DEB model is simulated followed by the application438

of auxiliary theory to translate state variables into measurement predictions. Prediction439

often requires dataset-specific assumptions (Section 3.3.2), and is the foundation of model440

calibration (Section 3.4).441

3.3.1. Model simulation442

The DEB model represents a life cycle as a series of functional life stages, each with its443

own dynamics, which can be described as a system of differential equations (see Section 3.1444

and Appendix A). To implement the model, each system of differential equations is coded445

in a programming language and then integrated with a differential equation solver, taking446

care to implement the transitions between life stages. For DEB simulations, adaptive non-447

stiff solvers such as MATLAB’s ode45 are often sufficient (Shampine and Reichelt, 1997).448

Solver tolerances should be checked to ensure that numerical error does not affect model449

predictions or parameter estimation and consequently the derived insights (Creswell et al.,450

2024). To recover states at life stage transitions or other developmental milestones, event451

functions that check logical expressions of state variables can be used.452

In practice, we recommend using established software for DEB modeling. Most modelers453

rely on DEBtool (Add-my-Pet, 2026b), a regularly maintained MATLAB package that pro-454

vides a comprehensive set of functions to implement and calibrate DEB models and serves as455

the core software underlying the AmP database. Alternative implementations exist in other456

programming languages. In R, the NicheMapR package provides a DEB model implementa-457

tion (Kearney and Porter, 2020). Parts of DEBtool have also been translated into Julia and458

are currently being developed as a Julia package (Add-my-Pet, 2025).459

To simulate the model, the necessary inputs are: (1) an initial state, and (2) environ-460

mental conditions over time (e.g., food and temperature)5. The initial states are the values461

5In DEBtool, the function simu_my_pet can be used for model simulations.
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of the state variables when the simulation starts and they are usually chosen to be the state462

at fertilization or at a life stage transition. The environmental conditions are often kept463

constant at pre-specified values, but variable-condition scenarios allow for studies under re-464

alistic conditions, either hindcasted or forecasted. This enables the assessment of their effect465

on growth, maturation, reproduction, and other life-history traits (Gourault et al., 2019;466

Mangano et al., 2020).467

Simulations can also be used to understand the effects of inter-individual variability, for468

example by varying initial states or assigning individual-specific parameter values (Stavrakidis-469

Zachou et al., 2019; Accolla et al., 2019; Marn et al., 2022b; Klagkou et al., 2026a). From470

a broader perspective, DEB models can be embedded in population and individual-based471

models, allowing individual energetics to scale up to emergent population dynamics and sup-472

porting applications such as ecological risk assessment and climate-change analyses (Martin473

et al., 2012, 2013; Desforges et al., 2019; Donati et al., 2026).474

3.3.2. Dataset predictions475

When simulating a DEB model to obtain predictions for a dataset, two frameworks must476

be linked: the “real world”, where measurements are collected, and the “abstract world”,477

where models and theory are formulated (Lika et al., 2011a; Le Moan et al., 2024; Lagunes478

et al., 2026).479

In the “real world”, data describe the environmental conditions and life-history traits480

of the organism. In the “abstract world”, the organism is described by the state variables481

which are subject to the model inputs, i.e., the environmental conditions, and parameters.482

To bridge these two worlds, auxiliary theory is needed (Section 2.3).483

Dataset predictions can be obtained by considering four steps:484

Step 1: Determine the initial state.485

Step 2: Define environmental conditions over time.486

Step 3: Simulate the DEB model differential equations to obtain state variable values487

over time.488

Step 4: Apply auxiliary theory to transform state variables into dataset predictions.489

Box 3 exemplifies each of these steps for a length dataset of the zebrafish estimation.490

To simulate the DEB model to obtain dataset predictions, the initial state must be491

given. Information about the initial state can be derived from the available data based on492

experimental knowledge, however, in most cases assumptions must be made to fully specify493

the initial state. Commonly, a DEB model can be initialized in three ways:494

• Fertilization. Under the maternal effect assumption, offspring reserve density at birth495

equals maternal reserve density [E]maternal at egg formation. For egg development, this496

allows the calculation of the initial reserve (E0) at time zero, where the reserve density497

is also assumed to be infinite. In practice, this becomes equivalent to setting the initial498
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structure to a very small value. In fetal development, the organism is supplied the499

required energy and the reserve density at birth is constant throughout development.500

By setting a very small value for the initial structure V0, the initial reserve can then501

be derived as E0 = V0[E]maternal. For the other state variables, namely maturity EH502

and reproduction buffer ER, they are initially set to 0.503

• Life stage transition. A simulation is run until a given transition to generate the504

initial state variables. This requires assumptions about the environmental conditions505

experienced beforehand, which are often taken as constant and equal to those of the506

dataset being predicted. If the life stage transition is “birth”, then the environmen-507

tal conditions experienced by the mother will determine its state and consequently,508

through the maternal effect, the state of the organism at birth.509

• Initial measurement. The model is initialized at the first observed data point (e.g.,510

length or weight), and auxiliary theory is used to infer the corresponding state variables.511

This requires some assumptions on the state variables to determine their value. The512

most common approach is to assume that the scaled reserve density is equal to the513

scaled functional response, (e = [E]/[Em] = f). This hinges on food availability514

having remained constant long enough for the reserve density to reach equilibrium,515

for example, after an acclimation period to an experimental diet. The scaled reserve516

density can then be used to compute structure (V) and reserve (E) from the initial517

length or weight. The maturity EH and the reproduction buffer ER are inferred from518

the development of the organism.519

We recommend simulation from fertilization or birth when early life data are available520

under the same environmental conditions or when a full life-history simulation is desired. For521

adult data, initializing at first measurement is recommended as it avoids making assumptions522

about past life history. If a food acclimation period was employed in the experimental setup,523

the reserve density assumption also becomes more accurate, as it will tend toward the food524

level of the experiment. However, this requires setting the maturity to its maximum (Ep
H)525

and inferring the value of the reproduction buffer ER.526

In the “real world” environmental conditions influence organism life-history traits, yet527

are often available only as snapshots rather than continuous records. Therefore, explicit528

assumptions are required to convert these observations into continuous environmental con-529

dition functions that can be used as inputs for model simulations. Interpolation methods,530

such as linear or higher order splines, can piece together sparse measurements (Lavaud et al.,531

2014), while Fourier transforms can be used to turn seasonal records into periodic functions532

(Pecquerie et al., 2009). In both cases, the simplest adequate representation should be pre-533

ferred, since noise or artifacts in environmental inputs can propagate through the model and534

lead to unintended behavior. For sparse records, linear interpolation is often sufficient and535

less prone to artifacts than higher-order splines. For sparse records, linear interpolation is536

and less prone to artifacts than higher-order splines and for periodic records, retaining only537

a few dominant frequencies is often sufficient.538
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In the absence of data on environmental conditions, temperature and food are kept539

constant. Temperature is frequently controlled, so if the experiments report a constant tem-540

perature, then it should be used. Conversely, food intake is often hard to measure precisely.541

In these cases, a constant scaled functional response can be estimated or reconstructed from542

available data (Freitas et al., 2009; Pecquerie et al., 2012; Lavaud et al., 2019). Detailed543

recommendations for estimating dataset-specific scaled functional responses are discussed in544

Section 3.4.2.545

To apply auxiliary theory, the key is to use the correct equation to translate state vari-546

ables to dataset predictions. These equations can be found in theory descriptions (e.g.,547

Kooijman, 2010), but can also be obtained from other AmP entries. We recommend search-548

ing for the required data type in entries with the same typified model in the AmP database6,549

and critically evaluating if what has been performed is adequate for the particular research550

question.551

Under constant temperature and food, DEB models can sometimes be simplified, remov-552

ing the need to integrate the differential equations. For example, in lifestages with isomorphic553

growth, the von Bertalanffy curve can be used to predict length at constant temperature554

and food conditions, thereby speeding up the computations. Although these simplifications555

are useful, care must be taken to ensure that they are applicable under the environmental556

conditions of the dataset and for the specific life stage being simulated.557

The application of auxiliary theory can often be the source of mistakes. Below, we558

highlight some frequent pitfalls:559

• Unit conversions. The parameters of the DEB model have units in joules [J], cen-560

timeters [cm], days [d], and mole [mol] (see Table A.6). Consequently, the DEB model561

outputs will be expressed in these units. Therefore, a final unit conversion may need562

to be made to match the units of the measured data.563

• Length measures. Structural length must be converted to observed length with a564

shape coefficient (Equation 1). However, the general term length can have multiple565

meanings: for instance, it can refer to total length, fork length or standard length in566

fish; shell height, length or width in bivalves; body length or forewing length in insects;567

snout-vent length, tail length, or trunk length in lizards. If different methods are used568

to collect length measurements, then each requires a different shape coefficient. Addi-569

tionally, the shape coefficient may change if isomorphism is not maintained throughout570

development.571

• Weight considerations. Depending on the species, weight may be more commonly572

measured as ash free dry weight, dry weight, or wet weight. Predictions for these573

are computed with different equations and care must be taken that the correct one574

is employed. Moreover, weight is typically a function of just reserve and structure,575

6The AmP documentation (https://amptool.debtheory.org/docs/) suggests some useful ways to
query the database for data types or code snippets.
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but if the weight of eggs, gonads, or other reproductive reserves is relevant, the repro-576

duction buffer (which is composed of reserve) should also be included in the weight577

computation.578

Finally, it is often the case that multiple types of measurements (e.g, length and weight)579

were taken in the same environment or experiment. When this is the case, we recommend580

simulating the DEB model equation only once and then applying the corresponding auxiliary581

theory to compute predictions for each type of measurement from the simulated DEB state582

variables. This leads to fewer errors and assumptions and is more computationally efficient.583

3.4. Model calibration584

After model design and data collection, a DEB model is ready to be calibrated. In585

Section 3.4.1, we detail the AmP calibration procedure as it is the standard approach for586

model calibration used in the AmP collection (Lika et al., 2011a; Marques et al., 2019, 2018).587

Alternative calibration procedures exist, most notably Bayesian estimation (Johnson et al.,588

2013; Boersch-Supan et al., 2017; Palmer et al., 2024).589

In addition to details on parameter estimation procedures, in Section 3.4.2, we discuss590

which parameters can be reliably estimated given available data. These considerations apply591

regardless of the estimation procedure employed and are crucial to obtain a coherent and592

realistic model.593

3.4.1. The parameter estimation problem594

The goal in building a DEB model is to promote coherence. Within this process, we have595

model calibration, where the objective is to obtain DEB model predictions that best match596

the available data. To achieve this, the deviation between the data D and the predictions597

of the DEB model P is quantified with the symmetric bounded loss function Lsb (Marques598

et al., 2019):599

Lsb (D, W , Θ) =
|D|∑
i=1

|Di|∑
j=1

wij

|Di|
(dij − pij)2

d̄2
i + p̄2

i

, (3)

600

with d̄i = 1
|Di|

|Di|∑
j=1

dij, p̄i = 1
|Di|

|Di|∑
j=1

pij and pij = fi(Θ),

where Di is a dataset with |Di| data points. Here, the distinction between zero- and601

multivariate datasets is useful. Zero-variate datasets contain a single data point (|Di| = 1)602

and often correspond to measurements at life stage transitions or maximum size. Multi-603

variate datasets have multiple data points and are often composed of measurement values604

either as a function of time or of others measurements (Oliveira et al., 2026).605

The loss function quantifies the error of each prediction pij to its respective data point dij606

with the squared error (dij − pij)2. Each prediction is obtained from a prediction function fi607

of the parameters Θ. This function fi, corresponds to simulating the DEB model differential608

equations and applying the appropriate auxiliary theory to convert the state variables to609

measurements, in accordance with the recommendations given in Section 3.3.2.610
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Box 3. Dataset prediction example for a length growth curve.

Dataset. Growth trajectory (length vs time since fertilization) under two different food
levels is from Lawrence et al. (2008). Figure 4 outlines the correspondence between the
“real world” of data and the “abstract world” of DEB model predictions.

Figure 4. Steps to obtain DEB model predictions for a growth length trajectory.

Initialization. Simulation starts at fertilization. The initial reserve E0 is computed
with the maternal effect assumption. We assume a scaled reserve density ematernal =
f = 1 for the mother because eggs are bought from a commercial supplier. The initial
structure is a very small value (V = 10−10). All other state variables (maturity EH ,
reproduction buffer ER, and egg buffer Ee) start at 0.
Environmental conditions. Temperature is kept constant at 28.5 ◦C. Food intake
is unknown, so both scaled functional responses are estimated from post hatch data
alongside organism parameters.
Simulation. The differential equations are integrated from the initial state at fertiliza-
tion until the final time measurement at t = 90d.
Auxiliary theory. The values of structure V over time are converted to observed total
length with Equation 1. The type of length needs to be carefully considered; since
the measurements are of total length, the total length shape coefficient is applied here.
Length is measured in cm and time is measured in days, so no unit conversions are
needed.
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The prediction squared errors for all data points are normalized by dividing by the sum611

of the mean of the data and predictions, which bounds the loss contribution of each dataset.612

The normalized errors are then weighted by a set of weights W . Weights are often set to 1613

(all data points contribute equally), however they should be adjusted based on the quality614

or relevance of the data (see Section 3.2). Additionally, the normalized errors are divided615

by the size of the dataset, which results in datasets with equal weights contributing the616

same regardless of their size. Therefore, when using default weights of 1 for all data points,617

zero-variate datasets are as relevant as multi-variate datasets.618

The purpose of a loss function is to quantify the deviation between the DEB model619

prediction and the data. This is transformed into an optimization problem with the aim of620

finding the parameter values Θ that minimize the loss value. The parameter values must621

also respect some constraints that ensure the model is biologically realistic (Lika et al.,622

2014a). For example, the organism simulated by the DEB model must be born and go623

through puberty in order to reproduce. If these conditions were not met, the organism624

could never exist and therefore the DEB model would not be realistic. Most constraints625

are a consequence of the typified model of the species, but certain datasets may require626

that additional constraints are satisfied. To enforce these constraints during parameter627

estimation, filter functions should be implemented to exclude parameter sets that do not628

respect the necessary conditions.629

To efficiently search through parameter values, an optimization algorithm is used. In630

AmP estimation, the most common is the Nelder-Mead simplex algorithm (Nelder and631

Mead, 1965), although alternatives have been proposed (Robles et al., 2023). The Nelder-632

Mead method is sensitive to initial values and its performance deteriorates with increasing633

dimensionality, i.e., the number of parameters being estimated. To counteract these issues,634

the method is often serially restarted to improve convergence. An implementation of this635

Nelder-Mead variant is provided in the accompanying paper code.636

Due to parameter constraints and numerical instabilities, the estimation may end in an637

execution error or get stuck being unable to solve the differential equations. Additionally,638

it is likely that the search stops at a local minimum where the deviation is acceptable.639

This is why after parameter estimation, it is crucial that model validation is performed (see640

Section 3.5).641

Choosing the initial parameter values of the estimation helps attenuate these issues. A642

simple method for initialization is to look up in the AmP collection the parameters of a643

taxonomically close species, since it is expected that their parameter values are similar. An644

alternative is to use the recently proposed method of Oliveira et al. (2026) that is based on645

machine learning techniques. This method only works for the s- and abj typified models646

and it requires that zero-variate data at life stage transitions are available.647

3.4.2. Which parameters can be estimated?648

A comprehensive DEB calibration requires multiple data types collected across life stages649

and environmental conditions to accurately estimate all model parameters. This amount of650

data is best expressed by the completeness scale: a maximum value of 10 would allow the651

estimation of all core parameters of the DEB model as well as detailed composition of all652
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organic compounds (Lika et al., 2011b). However, maximum completeness has never been653

achieved in practice, with 6 for Daphnia magna being the maximum value currently in the654

AmP collection. As a consequence of missing data, some parameters are not estimated but655

are instead fixed at default values.656

The parameters most commonly estimated are those strongly informed by data most657

commonly available: life-history, growth, and reproduction datasets: the core parameters658

{ṗAm}, v̇, κ, [ṗM ], [EG], and the maturity levels (e.g., Eb
H , Ej

H , Ep
H) (van der Veer et al., 2006;659

Kooijman et al., 2008; Accolla et al., 2020). Appendix A shows how these parameters appear660

in the standard DEB model. If an aging module is included, the parameter Weibull aging661

acceleration ḧa can be estimated from lifespan data, while the Gompertz stress coefficient662

sG can be estimated from data on survival over time.663

If food conditions are uncertain, a scaled functional response f can also be estimated664

for a given experimental setup or environment. The reliable estimation of these scaled665

functional responses benefits considerably from having multiple data types measured under666

the same conditions. Conversely, when a scaled functional response f is estimated from a667

single dataset, with no other under the same conditions, its value will not be constrained668

by the other datasets. Predictions will be dominated by the estimated value of f , and the669

optimization will adjust it mainly to reduce the errors in that dataset alone. Therefore, it670

will distort estimates of the core parameters. Furthermore, it is also helpful to have multiple671

datasets of the same type across different conditions, so that changes in f predictions can672

be consistently attributed to changing food levels (e.g., several length curves from different673

sources).674

For the remaining parameters, the main limitation is identifiability, both structural and675

practical (Marques et al., 2019; Oliveira et al., 2026). A parameter is structurally identifiable676

if it can be uniquely recovered, given the model equations and auxiliary theory, from ideal677

data (Wieland et al., 2021; Guillaume et al., 2019; Raue et al., 2010). Here, ideal data means678

exact, noise-free observations for a specified set of datasets and experimental conditions.679

Therefore, a parameter may be structurally identifiable under one set of observations but680

non-identifiable under another. Practical identifiability asks a different question: whether a681

structurally identifiable parameter can be estimated with acceptable precision from the real682

data available for calibration, which are finite, noisy, and often incomplete (Wieland et al.,683

2021; Lika and Kooijman, 2024).684

If a parameter is absent from the prediction functions used to compute dataset predic-685

tions, then it cannot be estimated regardless of the optimization effort and is structurally686

non-identifiable. This is often the case for the digestion κX and defecation κP efficiencies.687

The parameter κX only appears in the prediction functions for food intake and in quantities688

related to mass and energy balances, therefore it can only be estimated it those data are689

included in the calibration. The same applies to κP , if in addition feces production data is690

not available. As a general rule, parameters that are not used to compute predictions are691

set at their default values.692

Structural non-identifiability can also occur if multiple parameter combinations yield the693

same predictions. This frequently occurs for the maturity maintenance rate coefficient k̇J and694
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the reproduction efficiency κR, where life-stage timings, size trajectories, and reproduction695

data alone are not enough to estimate these parameters. Doing so requires reproduction696

data collected at multiple known food levels, ideally including ingestion, which is typically697

difficult to obtain (Kooijman et al., 2008). As such, these parameters might also be kept at698

their default values.699

Structural identifiability alone does not guarantee reliable estimation. A parameter may700

appear in the prediction functions and be identifiable in principle, while still being weakly701

constrained by the available calibration data, i.e., it is practically non-identifiable due to702

noisy or incomplete data. When these parameters are estimated, there are regions of the703

parameter space where the loss function, which measures deviation from the data, changes704

negligibly, but model behavior changes drastically for other (absent) predictions. Low prac-705

tical identifiability can be mitigated through the inclusion of better data in the calibration,706

prior knowledge of parameter values, or in the case of AmP estimation, with the use of707

pseudo-data (Lika et al., 2011a; Marques et al., 2019; Oliveira et al., 2024).708

Pseudo-data correspond to parameter values of a “generalized organism” and take on the709

form of zero-variate datasets in the loss function, i.e., they are reasonable a priori guesses710

for the parameter values. In DEBtool, pseudo-data are set to default values automatically711

(see Table A.6). Unless the estimation procedure is failing to converge, the values (and712

loss-function weights) of pseudo-data should be left untouched. AmP estimation guide-713

lines recommend only one exception to changing pseudo-data: in the absence of sufficiently714

complete data, the maturity maintenance rate coefficient k̇J should be fixed at 0.002 d−1
715

when the calibrated volume-specific somatic maintenance rate [ṗM ] is likely to be larger716

than 18 J d−1 m−3. If [ṗM ] is likely to be smaller than 18 J d−1 m−3, then k̇J should be esti-717

mated and pseudo-data should be applied to the maintenance ratio k = k̇J/k̇M = 0.3, where718

k̇M = [ṗM ] / [EG], and [EG] is the volume-specific cost of structure. This will tend to result719

in a calibrated model with predictions that better align with observed biological patterns720

(Kooijman, 2025; Verhille and Kooijman, 2026). When these and other modifications to721

pseudo-data are made, the choices for the new values should be explicitly justified.722

As a general rule, a simpler calibration is usually more robust. Estimating fewer pa-723

rameters that are clearly supported by the available data is preferable to estimating many724

parameters with low confidence. Additional parameters should only be estimated if the725

model predictions are consistently off, even when environmental conditions are accounted726

for. The choice of additional parameters to estimate should be guided by the combined727

knowledge of model behavior and species ontogeny, and could be aided by tools such as728

sensitivity analysis (Matyja, 2023). In Box 4, we exemplify the above recommendations for729

the two zebrafish calibrations.730

3.5. Model validation731

After parameter calibration, the next step is model validation. While the estimation pro-732

cedure will find parameters that minimize the deviation between DEB model and calibration733

data, it is up to the modeler to decide whether the deviation is acceptable. Moreover, fol-734

lowing the estimation-in-context principle, model calibration aims to ensure a coherent and735

realistic DEB model across ontogeny and variable environments.736
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Box 4. Parameter estimation for zebrafish

Estimation procedure. Initial parameters were obtained with the DEBInitNet
method (Oliveira et al., 2026). To estimate the parameters, we applied the Nelder-Mead
algorithm with an initial simplex size of 0.25. The algorithm was serially restarted after
500 steps, alternating the initial simplex direction until the loss improvement after two
consecutive Nelder-Mead runs was less than 10−4.
Parameters estimated in each zebrafish calibration. Table 2 presents the es-
timated parameters. The parameters k̇J and κR cannot be estimated because energy
balances are not available. In the data-rich calibration, oxygen and feeding data allows
the estimation of the efficiencies κX and κR which are connected to the assimilation
transformation. The Gompertz stress coefficient sG cannot be estimated because only
lifespan informs the aging parameters. For the data-limited calibration, standard length
is kept at 80% of total length due to lack of data (Augustine et al., 2011a).

Table 2. Estimated parameter values for each zebrafish calibration. Underlined values represent
parameters not estimated that were set to default values.

Parameter Data-limited Data-rich Units
Core parameters
{ṗAm} Surf.-sp. max. assimilation rate 169.42 138.59 J d−1 cm−2

κX Digestion efficiency 0.8000 0.7154 −
κP Defecation efficiency 0.1000 0.2094 −
v̇ Energy conductance 0.0157 0.0276 cm d−1

κ Allocation fraction to soma 0.2833 0.3093 −
[ṗM ] Vol.-sp. somatic maintenance rate 251.98 155.96 J d−1 cm−3

[EG] Specific cost for structure 5217.4 5272.5 J cm−3

k̇J Maturity maintenance coefficient 0.0020 0.0020 d−1

Eb
H Maturity at birth 0.3577 0.8756 J

Ej
H Maturity at metamorphosis 9.4048 19.394 J

Ep
H Maturity at puberty 1243.9 3808.9 J

κR Reproduction efficiency 0.95 0.95 −
Aging parameters
ḧa Weibull aging acceleration 2.341e-9 1.995e-9 d−2

sG Gompertz stress coefficient 1e-4 1e-4 −
Auxiliary theory parameters
δT

M Shape coef. for total length 0.0933 0.1406 −
δS

M Shape coef. for standard length 0.1166 0.2163 −

With this principle in mind, model validation can be performed both quantitatively737

(Section 3.5.1) and qualitatively (Section 3.5.2). Quantitative validation involves assessing738
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the quality of the estimation through error metrics and confidence intervals. Qualitative739

validation instead asks whether the estimated parameters are reasonable both by comparing740

with other estimations in the AmP collection and by checking for unrealistic model behavior.741

3.5.1. Quantitative validation742

The estimation procedure finds parameters that minimize the overall deviation between743

the DEB model and the data, therefore it is important to assess the errors for each dataset744

individually. The most common error metric used is the mean relative error (RE):745

RE(Di, Pi) =
|Di|∑
j=1

|dij − pij|
|dij|

(4)

Similarly to the loss function, the relative error is less sensitive to the scale of the data.746

The mean relative error (MRE) for all calibration data is a useful metric of the quality of747

the estimation. In the AmP collection, most estimations have an MRE between 0.05 and748

0.15. However, relative errors should be analyzed carefully when data values (dij) are close749

to zero, since small denominators can dominate the metric. In such cases, model evaluation750

can be complemented with symmetric and scale-independent metrics, such as the symmetric751

mean squared error (SMSE), the symmetric mean absolute percentage error (SMAPE), or752

with logarithmic difference metrics for strictly positive quantities (Oliveira et al., 2026).753

Interpreting relative errors must be done with care as to how parameters affect the754

predictions of calibration data. A low relative error for a dataset does not necessarily imply755

that the parameters in the corresponding prediction function have been accurately estimated.756

If a parameter only appears in the prediction function of a single dataset, then it is likely757

that it will be adjusted mainly to minimize the error in that dataset. This should reduce758

confidence in the parameter estimate, since it may yield unrealistic predictions under different759

environmental conditions.760

Additionally, the distinction between zero-variate (single data point) and multi-variate761

datasets (multiple data) is central for interpreting quantitative errors (see Section 3.4.1).762

For zero-variate datasets, it is more likely that relative errors are small because they consist763

of a single data point, particularly in the poorly constrained situations where a parameter764

only affects the prediction for one dataset. A common example is when the Weibull aging765

acceleration ḧa only appears in the prediction of the lifespan am, resulting in a near zero766

relative error (see Box 5).767

For multivariate datasets, a low relative error may still yield unrealistic model behavior.768

It is therefore important to visually compare the DEB model simulation with the data769

to assess whether there are any patterns in the residuals. Additionally, data scatter can770

dominate error metrics and should also be taken into consideration when comparing errors771

between datasets.772

Deviations between model and data should be quantified and linked to reasons as to why773

they occur. Only by doing so can the magnitude of the errors be put into perspective and774

help to judge whether any of the previous modeling steps need to be revisited. In general, the775

deviations between the DEB model and the data can be attributed to one of the following776
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Box 5. Quantitative validation of data-limited estimation.

Table 3. Relative errors for each dataset in the data-limited estimation.

Dataset Value Prediction RE Units Source
Age at birth ab 5.00 4.55 0.0896 d Best et al. (2010)
Age at puberty ap 75.00 70.03 0.0662 d Eaton and Farley (1974a)
Lifespan am 1642.5 1642.4 0.0001 d Gerhard et al. (2002)
Total length at birth Lb 0.400 0.311 0.2231 cm Schilling (2002)
Standard length at puberty Lp 2.60 2.87 0.1047 cm Eaton and Farley (1974a)
Ultimate total length L∞ 5.00 5.82 0.1642 cm Spence et al. (2008)
Ultimate wet weight W w

∞ 1.00 1.01 0.0149 g Augustine et al. (2011a)
Ultimate reproduction rate R∞ 240 213 0.1098 # d−1 Eaton and Farley (1974b)
Time-length curve t − L — — 0.0918 d–cm Best et al. (2010)

Lifespan prediction. Table 3 presents the relative errors for each dataset included in
the data-limited estimation. The mean relative error of the estimation is of 0.127, while
the prediction for the lifespan has a very low relative error of 0.0014. This is the only
dataset informing the parameter ḧa, which means that this parameter can be adjusted
until the prediction for lifespan is equal to the data and the relative error approaches
0. To obtain a better estimate of ḧa, survival data would need to be added to the
estimation.
Prediction tradeoffs. The largest errors are for the datasets age at birth ab, length at
birth Lb, and ultimate reproduction rate R∞. Here, a tradeoff occurs: if birth occurred
later, the length at birth would increase. This would require more energy for each egg,
which would in turn reduce an already underestimated reproduction rate. A possible
explanation for why this occurs is different environmental conditions between datasets,
a hypothesis that is supported by each of these datasets having a different source. Es-
timating scaled functional responses for each dataset would be possible, but given that
most sources only provide a single datapoint, it would likely lead to worse estimates of
the core parameters.

factors, in decreasing order of importance (Marques et al., 2019):777

1. Unknown environmental conditions. When conditions are not measured, they778

must either be guessed or estimated. Both of these choices introduce assumptions that779

can lead to errors.780

2. Unknown experimental procedures. Without knowledge of how measurements781

were made, the appropriate auxiliary theory may not be applied. Moreover, assump-782

tions regarding the initial state will likely be incorrect.783

3. Individual variability. Even within controlled experimental setups, individual vari-784

ability will play a role and introduce scatter into the data. Individual parameters785
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can be estimated, but assumptions associated with this procedure will still cause er-786

rors (Oliveira et al., 2024; Palmer et al., 2024).787

4. Stochasticity of physiological and ecological processes. Standard DEB theory788

does not fully consider the underlying stochasticity of biological processes, so some789

data scatter can be attributed to this.790

5. Misalignment between model structure and biology. DEB theory strives for the791

best compromise between realism and complexity (Kooijman, 2018, 2020b), but reality792

is often not simple and therefore detailed life-history processes may not be captured793

accurately by the model.794

6. Measurement errors. All measurements have an associated error, which will con-795

tribute to the deviation between model and data. Scatter often depends on the type of796

data being measured; for respiration data, it tends to be large (Verhille and Kooijman,797

2026).798

A common situation is to have prediction tradeoffs for a group of datasets (Box 5). These799

are characterized by (1) larger relative errors than for the rest of the estimation and (2) an800

inability to improve the prediction for one dataset without worsening it for another. They801

are often caused by not accounting for different environmental conditions in the estimation,802

incorrect model structures, low practical identifiability of parameters, or even inconsistent803

data (e.g. due to incompatible measurements from different individuals). As such, they may804

require revisiting model structure, dataset modeling assumptions or the choice of parameters805

being estimated.806

Uncertainty quantification provides an additional layer of quantitative validation. Con-807

fidence intervals help diagnose parameter identifiability issues and reveal which parameters808

are strongly informed by the data and which are effectively fixed by pseudo-data (Marques809

et al., 2019; Stavrakidis-Zachou et al., 2019; Lika and Kooijman, 2024). Bayesian estimation810

methods also offer a natural framework to propagate measurement uncertainty and prior in-811

formation (including pseudo-data) into posterior distributions of parameters and predictions,812

and the associated likelihood formulation can also be used for post-calibration uncertainty813

analyses such as profile likelihood methods (Johnson et al., 2013; Boersch-Supan et al., 2017).814

3.5.2. Qualitative validation815

A first and important step in qualitative validation is to compare the estimated parame-816

ters with those of taxonomically and ecologically similar species. The AmP collection can be817

used to search for similar species and AmPtool provides tools to perform this comparison pro-818

grammatically7. Several patterns in DEB parameter values have been observed across taxa,819

hinting that similar species should have similar values, so it is expected that the estimated820

parameters fall within the cloud of parameters for the species’ family or order (Marques821

et al., 2018; Kooijman et al., 2021).822

7The AmPtool MATLAB package can be found at https://github.com/add-my-pet/AmPtool
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While this step is crucial, its reliability depends on the quality of the estimates for the823

similar species used for comparison. If those have low completeness or their parameter824

estimates are uncertain, deviations in parameter values may not be informative. However,825

if their calibration is robust, then parameter deviations may suggest that some assumptions826

or model structure choices should be reconsidered.827

Finally, the DEB model should be simulated under different environmental conditions and828

model outputs, beyond the calibration data, should be computed. Although data may not829

be available, a modeler familiar with the species should be able to evaluate the predictions830

for realism and plausibility.831

We also recommend not including all available data in the estimation. If multiple datasets832

of the same type are available, some may not be included in the estimation and can be833

saved for external validation. Obtaining predictions for these external validation datasets834

requires simulating the model with the appropriate environmental conditions. If these are835

unavailable, they can be inferred from other datasets or estimated from the data (e.g., a836

scaled functional response for the data) whilst keeping the core parameters fixed. The goal837

is to assess whether the model predictions are similar to the external validation data, whilst838

considering the reasons for deviations described previously. The analysis should focus on839

assessing whether prediction tradeoffs exist and if they lead to an unacceptable mismatch840

between model and data. See Box 6 for a showcase of this recommendation.841

3.6. Model publication842

Model publication is the final step in the development of a DEB model. FAIR (Findable,843

Accessible, Interoperable, Reusable) and CARE (Collective Benefit, Authority to Control,844

Responsibility, Ethics) principles should guide both what is shared and how it is shared so845

that the model can be independently reused, audited, and extended. Code and metadata846

should be openly versioned and archived in citable releases whenever possible (Lemmen and847

Sommer, 2024), while keeping authorship through appropriate (open source) license. All of848

this should be planned from the start of the workflow, so that data, assumptions, code, and849

calibration choices remain traceable.850

DEB model publication can be organized into three main dimensions: data, implemen-851

tation, and calibration. We provide guidance for each of these below.852

Data. For each dataset, the model entry should describe where the data came from,853

how the values were obtained, and how they were transformed before being used for model854

calibration. Here, the data includes not only the measurements, but also the environmental855

conditions whenever they are available.856

The description should include a full citation to the original source whenever possible.857

It should distinguish between acquisition methods: direct measurements, digitized values,858

transformed records, or inferred quantities. All transformations from source data to model859

inputs should be documented, including unit conversions, temperature corrections, aggre-860

gations, filtering, and imputation choices. Moreover, if the transformations were performed861

programmatically, the accompanying code should be shared.862

Implementation. The model publication should describe the model structure and863

whether any extra modules were included. Relevant model assumptions should be docu-864
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Box 6. Qualitative validation with external data
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Length, weight and oxygen data are digi-
tized from Lucas et al. (2014). Model trajec-
tories correspond to DEB simulations from
fertilization until 400 days of age, at con-
stant temperature (T = 28 ◦C) and food
(f = 0.75). The scaled functional response f
was not estimated but instead inferred from
similar growth trajectories.

Length and weight. The data-limited calibration reaches maximum size earlier and
underestimates maximum weight while overestimating length. Comparatively, the data-
rich estimation captures the relationship between length and weight better throughout
ontogeny, as the trade-off in prediction error is smaller. The data-rich calibration in-
cluded several experiments where weight and length were both recorded, whereas the
data-limited calibration only has data on the relationship between weight and length for
the maximum size.
Oxygen consumption. Although the data-limited calibration does not have oxygen
data, the predictions are very similar to those of the data-rich estimation. Both are an
order of magnitude larger until adulthood, which could likely be resolved by including
oxygen data for the egg phase. The drop in oxygen consumption is due to the onset of
puberty and the low κ of the calibrations. Although it is not realistic, it is a consequence
of a sudden transition to allocation in reproduction. Depending on the level of detail
required, this behavior could promote a change in model structure.

mented so that future users can understand modeling choices and potentially expand upon865

them. For model calibration, dataset-specific assumptions should be given, namely which866

environmental-condition assumptions and initialization methods were employed. Other rel-867
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evant considerations, such as dataset-specific parameter infeasibility filters, should also be868

reported.869

Given that DEB models are software outputs, they should follow standard practice rec-870

ommendations. Scripts should be commented to explain code decisions and non-obvious871

implementation details. Software versions and dependencies should be explicit and usage872

instructions should be given.873

Calibration. Calibration reporting begins with the initial parameter set for the cali-874

bration and why it was chosen (Marques et al., 2019; Oliveira et al., 2026). Authors should875

report the full configuration of the calibration problem, including objective function, dataset876

weights, stopping criteria, and any algorithm-specific parameters. Pseudo-data values and877

weights should be reported explicitly, and any deviation from defaults should be justified.878

Simulations used for independent model validation should be described, and the simulation879

code should be shared. The goal of this step is to provide model users with the full sequence880

of steps used to estimate and validate parameters so that it can be easily reproduced from881

initial to calibrated parameters.882

The AmP workflow is a strong example of these publication standards (Marques et al.,883

2018; Kooijman, 2025). In this workflow, datasets used for calibration are always linked to884

original sources. The typified model and other model assumptions are often documented.885

The parameter estimation code is versioned, and many AmP entries are updated over time,886

with previous versions remaining accessible through the corresponding entry page.. The887

DEB models developed for this manuscript are an example of this and were only possible888

because these principles are cornerstones of the AmP collection. We therefore strongly889

encourage users who develop their own DEB models to submit their entries to the Add-my-890

Pet collection, contributing to a comprehensive and openly accessible repository of species891

data and DEB parameters that facilitates cross-species comparisons and the advancement892

of DEB theory, whilst benefiting from quality control by experienced maintainers.893

Despite this, we believe that further improvements are still necessary for full reproducibil-894

ity across entries. In the data dimension, the majority of entries still store values directly895

in MATLAB files, and the way those values were obtained is not always documented in896

sufficient detail. In the implementation dimension, model structure is sometimes implicit897

beyond the typified model label, and dataset-specific assumptions are not always reported898

despite strong recommendations and the existence of a dedicated discussion section. In the899

calibration dimension, reproducibility is often limited because initial parameter sets and900

calibration algorithmic details (e.g., the number of Nelder–Mead restarts) are not yet sys-901

tematically described. These omissions hamper reproducibility and slow the progress of902

parameter-estimation algorithms. Another limitation for reproducibility is the absence of903

formal versioned releases for DEBtool. Implementing versioned releases, and linking each904

model publication to the release number used for simulation and calibration, would make905

the computational workflow more traceable and reproducible. In the absence of versioned906

releases, we recommend referencing the DEBtool Git commit used during development. To907

ensure preservation and sharing, other archives that provide unique identifiers such as Zen-908
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odo or Software Heritage8 could be used to store parameter calibrations, including past909

versions (Di Cosmo, 2020).910

The code accompanying this paper provides a DEBtool-compatible example aligned with911

these recommendations. The repository README.md file provides an overview of the code912

structure and the choices made during its development.913

4. Concluding remarks914

Fitting DEB models involves high levels of abstraction. Because these models represent915

the life-cycle of an individual, building them might require reasoning beyond a particular916

research question, extensive amount of data and a clear understanding of the theoretical917

framework and assumptions. In this paper we provide practical guidelines to help DEB users918

in facing the three major challenges when developing a DEB model: process representation,919

data collection and evaluation, and calibration.920

Using the zebrafish case study, we showed how model calibration and validation should921

yield a fitted model that provides biologically coherent predictions across multiple physiolog-922

ical processes (Marques et al., 2019; Lika et al., 2011a). Since estimating DEB parameters923

goes beyond simple curve fitting (Kooijman et al., 2024), answering a specific research ques-924

tion is often only one outcome. We stress how a reliable DEB parameter estimation requires925

comprehensive life-cycle data and consistency among datasets, for which underlying condi-926

tions should be explicitly modeled. We also showed how varying levels of data completeness927

influence parameter estimation. Lastly, ensuring that model predictions are consistent with928

life-history data is a key modeling practice: this may seem beyond the original research929

question, but it is essential to prevent achieving a good fit for the wrong reasons.930

Implementing DEB theory differs from implementing phenomenological models, which931

might achieve good fits, but lack the explanatory power needed to integrate dynamics across932

molecular, individual, and ecosystem levels (Kooijman et al., 2024). The focus on theoretical933

consistency makes DEB theory a powerful tool to connect knowledge across different scientific934

disciplines and levels of organization. Yet, it is only by providing a realistic set of coherent935

parameter values that one is able to explore its full functionality. Because of this very936

effort in ensuring consistency, DEB provides a strong quantitative and integrated lens on937

biology, which can be useful for predicting ecological outcomes and is crucial for systemically938

understanding life in a changing world.939

Appendix A. Standard DEB model equations940

The assumptions in Table A.4 are sufficient to mathematically define the standard DEB941

model. The derivation and a detailed treatment of each component of the model is given in942

Kooijman (2010), Chapter 2, pp. 24-78, with the assumptions being discussed in detail in943

Chapter 1.944

8SWHID for DEBtool_M: swh:1:dir:a05e5053d3c381cef16e6fb8c582e81e40d4a316

32



Table A.4: The assumptions that specify the standard DEB model. Common terms for assumptions are
given in italics. Adapted from Table 2.4 in Kooijman (2010), p. 77.

1. The amounts of reserve, structure and maturity are the state variables of the in-
dividual; reserve and structure have a constant composition (strong homeostasis)
and maturity represents information.

2. Food uptake is initiated at birth. Allocation to maturity is redirected to repro-
duction at puberty. Both birth and puberty occur when maturity reaches certain
threshold values.

3. Food is converted into reserve, which is mobilized to fuel all other metabolic pro-
cesses. The rate at which reserve is mobilized depends on the state variables of the
organism and on temperature.

4. The embryo stage has initially a negligibly small amount of structure and maturity,
but a substantial amount of reserve. The reserve density at birth equals that of the
mother at egg formation (maternal effect).

5. The feeding rate is proportional to the surface area of the individual and the
food–handling time is independent of food density.

6. The equilibrium reserve density at constant food density does not depend on the
amount of structure (weak homeostasis).

7. Somatic maintenance is proportional to structural volume, but some components,
such as osmosis in aquatic organisms or heating in endotherms, are proportional to
structural surface area.

8. Maturity maintenance is proportional to the level of maturity.

9. A fixed fraction of mobilized reserves is allocated to somatic maintenance plus
growth, the rest to maturity maintenance plus maturation or reproduction (the
κ–rule). Maintenance costs take priority over growth and reproduction.

10. The individual does not change in shape during growth (isomorphism).

The dynamic equations for the standard DEB model are presented in Table A.5, with945

the core parameters of the model presented in Table A.6. The state equation for each946

state variable is a function of powers that describe how the energy intake of an organism is947

allocated to each metabolic process. The model takes as input a temperature T with units948

K, via a correction factor cT (T ) (eq. A.1), and an ingestion power ṗX , with units J d−1.949

Temperature affects all metabolic rates such as growth and maintenance. The effect of950

temperature is incorporated into the model via the temperature correction factor cT :951

cT (T ) = exp
(

TA

Tref

− TA

T

)
, (A.1)

where TA is the Arrhenius temperature (in K) and Tref = 20 ◦C = 293.15 K is a reference952
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Table A.5: Equations for state variables in the standard DEB model, life stage definitions, and powers
associated to each process.

State Variable Dynamics Equation Name

E [J] dE
dt

= ṗA − ṗC Reserve

V [cm3] dV
dt

= ṗG

[EG] Structure

EH [J] dEH

dt
=

ṗR EH < Ep
H

0 otherwise
Maturity

ER [J] dER

dt
=

0 EH < Ep
H

κRṗR otherwise
Reproduction Buffer

Powers [J d−1] Equation Name

ṗA ṗA =

0 EH < Eb
H

κX ṗX otherwise
Assimilation

ṗP ṗP =

0 EH < Eb
H

κP ṗX otherwise
Feces production

ṗC ṗC = cT E
[EG]v̇V −1/3 + [ṗM ]

κE/V + [EG] Mobilization

ṗS ṗS = cT [ṗM ] V Somatic maintenance

ṗG ṗG = κṗC − ṗS Growth

ṗJ ṗJ = cT k̇JEH Maturity maintenance

ṗR ṗR = (1 − κ)ṗC − ṗJ Maturation/Reproduction

Life stage Start End

Egg Egg formation; EH = 0 EH = Eb
H (birth)

Juvenile EH = Eb
H (birth) EH = Ep

H (puberty)

Adult EH = Ep
H (puberty) ∞

temperature. This formulation only describes how rates change with temperature and cannot953

be used to model the temperature tolerance range of a species. For that, data at the lower954

and/or higher extreme temperatures is required, which can then be used to estimate the955

parameters of a more complex temperature correction function (see Kooijman (2010), p. 22).956

Temperature is assumed to affect all metabolic rates in the same way Sousa et al. (2008),957
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Table A.6: Core parameters of the standard DEB model and default values for a “generalized organism”.

Symbol Parameter Default value Units

{ṗAm} Surface-specific maximum assimilation rate – J d−1 cm−2

κX Digestion efficiency 0.8 −
κP Defecation efficiency 0.1 −
v̇ Energy conductance 0.02 cm d−1

κ Allocation fraction to soma 0.8 −
[ṗM ] Volume-specific somatic maintenance rate 18 J d−1 cm−3

[EG] Specific cost for structure 2800 J cm−3

k̇J Maturity maintenance coefficient 0.002 d−1

Eb
H Maturity at birth – J

Ep
H Maturity at puberty – J

κR Reproduction efficiency 0.95 −

and the same correction factor is therefore applied to all powers. Consequently, temperature958

influences the timing of life-stage transitions (higher temperatures lead to higher metabolic959

rates and faster progression) but not body size9 (Kearney, 2021).960

Food quality and quantity affects development time and size. Often, the availability of961

food is quantified through a scaled functional response f(X), which is defined by a Michaelis-962

Menten or Holling type II equation of the density of food in the environment X.963

f(X) = X

X + K
, (A.2)

where K is the half-saturation coefficient. This function expresses the feeding rate as a964

fraction of the maximum feeding rate that an individual of a given size can achieve when965

consuming the same type of food. Due to lack of detailed data, f(X) is typically treated as a966

parameter, independent of the density of food X, therefore it is often referred to simply as f .967

Its values range between 0 (no food intake) and 1 (ad libitum feeding). Values greater than968

1 can be used to account for different diets and experimental protocols when in reference to969

a baseline value.970

Using the scaled functional response, the ingestion power can be written as:971

ṗX = cT {ṗXm}fV 2/3, (A.3)

where {ṗXm} is the surface-specific maximum ingestion rate. The assimilation power ṗA972

then becomes:973

9As such, standard DEB model assumptions cannot reproduce the Temperature-Size Rule (Verberk et al.,
2021). Alternatively, Richard et al. (2024) propose that the food searching, a physical rather than physio-
logical process, may scale differently with temperature.
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ṗA = cT {ṗAm}fV 2/3, {ṗAm} = κX{ṗXm} (A.4)

The equations presented here are based on the energy formulation of the standard DEB974

model, however, other formulations exist. Some formulations consider reserve density [E] =975

E/V instead of reserve E as a state variable, which leads to different dynamics equations.976

Other formulations reformulate the model in terms of mass instead of energy or even in977

a dimensionless form. All of these formulations are mathematically equivalent and can be978

transformed into each other by applying the appropriate transformations (Kooijman, 2010).979

Appendix B. Typified DEB models980

Currently, the AmP collection contains entries for 11 typified models, including the stan-981

dard DEB model. Each typified model is referred to as a 3-letter acronym, e.g., the standard982

DEB model is known as std. The first letter of the acronym also defines to which of the983

three classes of typified DEB models it belongs: s–, a–, or h–models.984

The std model belongs to the s–models and is the basis for the models in this class. The985

s–models can then differ in embryonic development (e.g., fetal instead of egg development),986

by having a baby stage until weaning, programmed shrinking, or growth ceasing at puberty.987

a–models assume metabolic acceleration at or soon after birth, and like s–models, can have988

growth ceasing at puberty . Lastly, h–models are used for insects. They assume acceleration989

in certain stages and have additional life stages such as pupa and imago. The pupa life stage990

is similar in dynamics to the fetal life stage as it is non-feeding and not fully mature, however991

energy is obtained from existing reserves and structure. The transition to the pupa stage992

is based on a threshold value of reproductive reserve density [ER] = ER/V , instead of a993

threshold on maturity EH . The imago life stage is a non-growing and non-feeding stage994

where the organism reproduces using energy saved from previous stages.995

Table B.7 provides an overview of each typified model, with a brief description of its996

characteristics and the progression between functional life stages. The table also includes997

the most common taxa for each model as well as sources with more details on the equations998

of each model. Species from similar taxa can often be modeled with the same typified999

model, however, as discussed in Section 3.1, the choice of a typified model requires evaluating1000

whether the functional life stages are in agreement with the species biology and ontogeny.1001

Code availability1002

The code developed for this paper is archived in Zenodo (Klagkou et al., 2026b). The1003

repository follows the structure of AmP entries and is based on the DEBtool MATLAB1004

package. In addition to model implementation and calibration scripts, it also includes code1005

to reproduce the analyzes presented here.1006
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