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Abstract 30 

1. Phenotypic variation exists in and at all levels of biological organization: 31 

variation exists among species, within-populations among-individuals, and in 32 

the case of labile traits, within-individuals. Mixed-effects models represent 33 

ideal tools to quantify multi-level phenotypic traits and are being increasingly 34 

used in evolutionary ecology.  35 

2. Mixed-effects models are relatively complex and two main issues may be 36 

hampering their proper usage: i) the relatively few educational resources 37 

available to teach students how to implement and interpret them, and ii) the 38 

lack of tools to ensure that the statistical parameters of interest are correctly 39 

estimated. 40 

3. In this paper, we introduce SQuID, a simulation-based tool that can be used 41 

for research and educational purposes. SQuID creates a world inhabited by 42 

individuals whose phenotypes are generated by a user-defined phenotypic 43 

equation, which allows easy translation of biological hypotheses into 44 

mathematically quantifiable parameters.  45 

4. The framework is suitable for performing simulation studies, determining 46 

optimal sampling designs for user-specific biological problems, and making 47 

simulation based inferences to aid in the interpretation of empirical studies. 48 

5. SQuID is also a teaching tool for biologists interested in learning, or teaching 49 

others, how to implement and interpret mixed-effects models, when studying 50 

the processes causing phenotypic variation. SQuID is subject to evolution and 51 

is designed to adapt to more complex scenarios in the future. 52 

53 
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Introduction 54 

Variation is the most striking feature of the natural world (Hallgrímsson & Hall 55 

2005). However, we do not always appreciate that phenotypic variation is caused by 56 

processes occurring at multiple hierarchical levels (Nussey et al. 2007; Westneat et al. 57 

2015; Williams 2008; Wilson 1998). Phenotypes vary across species, across 58 

populations of the same species, across individuals of the same population, and across 59 

repeated observations of the same individual. One of the most important biological 60 

levels to both ecological and evolutionary processes is the individual, with variation 61 

among individuals influencing social interactions (Dingemanse & Araya-Ajoy 2015), 62 

population demography (Dochtermann & Gienger 2012), community structure 63 

(Bolnick et al. 2011), and evolutionary dynamics (Dall et al. 2012). Moreover, 64 

individuals express traits repeatedly and these expressions are known to vary 65 

distinctly within and among individuals (e.g. behaviour, life-history, morphology, 66 

physiology, etc.). 67 

By sampling phenotypic traits repeatedly for a given set of individuals, we can 68 

measure how changeable or stable individuals are; this can be achieved by applying 69 

statistical approaches aimed at partitioning phenotypic variation into within- and 70 

among-individual variance components (Dingemanse & Dochtermann 2013; 71 

Nakagawa & Schielzeth 2010; e.g., Nussey et al. 2007). With this information in 72 

hand, we can start examining the genetic and environmental factors contributing to 73 

the variation observed at each hierarchical level (Schielzeth & Nakagawa 2013; 74 

Wilson et al. 2010). Doing so, however, requires specific sampling schemes and 75 

statistical tools to ensure that statistical parameters of interest are estimated 76 

accurately, precisely, and with sufficient statistical power (Araya-Ajoy et al. 2015; 77 
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Dingemanse & Dochtermann 2013; Green & MacLeod 2015; Johnson et al. 2015; 78 

Kain et al. 2015; e.g., Martin et al. 2011; van de Pol 2012). 79 

 The mixed-effects modelling framework has become a particularly popular 80 

statistical tool to achieve such aims, especially in the field of ecology and evolution 81 

(Bolker et al. 2009; Dingemanse & Dochtermann 2013; Kruuk 2004; Nakagawa & 82 

Schielzeth 2010; Nakagawa & Schielzeth 2013; O'Hara 2009; van de Pol & Wright 83 

2009; Wilson et al. 2010). This is because mixed-effects models explicitly model 84 

stratification in the data. One of the strengths of mixed-effects models is that they 85 

evaluate the importance of fixed effects while simultaneously estimating the relative 86 

magnitudes of random effects. The problem is that mixed-effects models, which 87 

include linear and generalized linear mixed models (Bolker et al. 2009), are often not 88 

covered in introductory statistical courses despite being more challenging to learn and 89 

more difficult to use correctly compared to traditional approaches (Bolker et al. 2009; 90 

Nakagawa & Schielzeth 2013; van de Pol & Wright 2009). We therefore require tools 91 

to educate people how to appropriate perform the complex data analysis inherent to 92 

mixed-effects model analyses.  93 

With the inherent complexity of mixed-effects models comes the difficulty of 94 

assessing whether statistical parameters of interest are correctly estimated. Several 95 

recent papers have addressed this problem by using simulations to evaluate power and 96 

accuracy of parameter estimation, particularly for models estimating among- and 97 

within-individual variance components (Araya-Ajoy et al. 2015; Dingemanse & 98 

Dochtermann 2013; Garamszegi & Herczeg 2012; Kain et al. 2015; e.g., Martin et al. 99 

2011; van de Pol 2012). Given the many possible biological questions that one may 100 

ask, we require a flexible simulation environment that enables performance 101 

assessment (e.g. power and other sensitivity analyses) for all statistical parameters, 102 
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both before and after data have been collected. As far as we are aware, there is no 103 

widely accessible simulation program that targets ecologists and evolutionary 104 

biologists, and guides them in the best way to both collect and analyse their data. 105 

In this paper, we introduce SQuID, Statistical Quantification of Individual 106 

Differences, an environment for simulating multi-level data. SQuID is interactive (i.e. 107 

‘point and click’) and comes with a graphical interface based on the R language (R 108 

Core Team 2015). It can be used online or can be downloaded to a personal computer 109 

and used as a stand-alone program (URL: https://github.com/Haycen/SQUID). SQuID 110 

serves two main purposes. First, it provides an educational tool useful for students, 111 

teachers and researchers who want to learn to use mixed-effects models. Users can 112 

learn how the mixed-effects model framework can be used to understand distinct 113 

biological phenomena by interactively exploring simulated multilevel data generated 114 

based on phenotypic equations (see below). Second, SQuID offers research 115 

opportunities to those who are already familiar with mixed-effects models, as SQuID 116 

enables the generation of datasets that users may download and use for a range of 117 

simulation-based statistical analyses such as power and sensitivity analysis of highly 118 

realistic and complex multilevel data. With these two purposes, SQuID allows both 119 

educational and primary research opportunities. 120 

The anatomy of SQuID 121 

The core of SQuID is a phenotype generator. We introduce SQuID using individuals 122 

as the focal entities of interest, though other applications are possible. SQuID 123 

generates a world inhabited by individuals whose phenotypes are generated by a user-124 

defined (uni- or bivariate) phenotypic equation (Nussey et al. 2007) that is explicit on 125 

a temporal scale. Time is modelled in discrete steps, the number of which the user can 126 
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define, but is typically very large to mimic continuous time. As a result, the world 127 

contains phenotypic measurements at all the time points and for all individuals. The  128 

SQuID framework, therefore, allows users to define the rules governing the SQuID 129 

world, simulate the environment and the phenotype of the individuals inhabiting this 130 

world, and then collect samples from this world (Fig. 1). Users can proceed to analyse 131 

the sampled data, make inferences about the data and try to reconstruct the world, 132 

while having the possibility to compare their inferences with the known rules that 133 

underlie the created world (Fig. 1). 134 

 

The phenotypic equation 135 

The phenotypic equation is the backbone for the generation of phenotypes and it is 136 

used to simulate the phenotypes of individuals in each time step. It defines the causal 137 

components that govern data generation and translates a biological hypothesis into an 138 

estimable mathematical form. The equation is modular with multiple sources of 139 

variation that can be simulated (Table 1). Each source of variation can be switched off 140 

by setting the relevant parameter to zero. Indeed, most parameters are set to zero by 141 

default in order to allow efficient exploration from simple to more complex models. 142 

The phenotypic equation is constructed such that all causal components introduce 143 

variation in the form of deviations from the mean value while accounting for all other 144 

causal components. The basic phenotypic equation permits various univariate 145 

analyses of a single trait (Table 1). For example, a relatively simple version of the 146 

phenotypic equation is one where individuals differ in their average behaviour 147 

(random intercepts for individuals) as well as in how they respond to an 148 
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environmental gradient that is shared among individuals (random slopes for 149 

individuals): 150 

 

𝑦ℎ𝑖 =  (𝛽0 + 𝐼𝑖) + (𝛽1 + 𝑆1)𝑥1ℎ𝑖 + 𝑒ℎ𝑖      Eqn. 1 151 

 

Here, a single phenotypic expression (𝑦ℎ𝑖), by individual i exhibited at instance h is 152 

modeled as a function of an (user-defined) environmental gradient (𝑥1ℎ𝑖 being the 153 

measure of that environmental variable at instance h). Each phenotypic expression 154 

(𝑦ℎ𝑖) may be described by five distinct elements: i) the population-mean phenotype 155 

(𝛽0), ii) the population-mean response to the environmental gradient (𝛽1𝑥1ℎ𝑖), iii) the 156 

individual’s deviation from the population-mean phenotype (𝐼𝑖), iv) the individual’s 157 

deviation from the population-mean slope (𝑆1𝑥1ℎ𝑖), and v) the instance’s deviation 158 

from the individual’s expected value due to measurement error (𝑒ℎ𝑖). Individual 159 

deviations from the population-mean value (intercept) and phenotypic response to the 160 

environment (slope) are determined by a (co)variance matrix, defined by the among-161 

individual variance in intercepts, slopes and their covariance. More complexity can be 162 

added by modelling another environmental gradient (i.e., 𝑥2ℎ𝑖), or a second trait that 163 

is defined by its own phenotypic equation; doing so necessitates the specification of 164 

trait covariance at each level of replication (Supplementary Table S1).  165 

 

The environment 166 

The SQuID world consists of a (uni- or bivariate) environment that is generated for 167 

each time step and can exhibit i) random fluctuations, ii) temporal autocorrelation, iii) 168 

temporal trends (e.g. phenological trends), iv) cyclic changes (e.g. seasonal or daily 169 
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fluctuations), or v) a combination of these four types of effect, generated for each 170 

environmental variable separately (Fig. 2A-C; Fig. 3C). Environmental variables are 171 

either shared ('general environmental effects'; Falconer & Mackay 1996) or non-172 

shared ('specific environmental effects'; Falconer & Mackay 1996) across simulated 173 

individuals (Fig. 2D-F). During data analysis environmental variables can be treated 174 

as measured or unmeasured, which we refer to as ‘known’ or ‘unknown’ 175 

environmental effects, respectively. Known environmental effects represent a 176 

situation where scientists are aware of the potential causal effect of an environmental 177 

gradient and able to include it in the data analysis. Unknown environmental effects 178 

represent situations with less prior knowledge about a particular system or logistic 179 

constraints for measuring all relevant environmental variables. The consequences of 180 

unmeasured environmental effects can thus be explored in SQuID. 181 

 

The sampling design 182 

Within the SQuID world, users define a sampling design that is applied in order to 183 

‘collect data’ (Fig. 2G-L; Fig. 3E) and make inferences about this hypothetical world 184 

(Fig. 2D-F; Fig. 3D), just as researchers collect samples to understand the real world. 185 

Time steps can be seen as continuous compared to the frequency at which the user 186 

samples the generated world. The decoupling of the creation of the world inhabited by 187 

SQuID and the sampling from this world is one of the core features of the SQuID 188 

environment. This decoupling allows the users to work with the data-generating rules 189 

(i.e., the true parameters) that govern the world, the sampled data, or all of the created 190 

data that could potentially be sampled. Various sampling designs can be applied to the 191 

same world (Fig. 3E), e.g. no (Fig. 2G-I) versus substantial (Fig. 2J-L) among-192 
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individual variance in timing of sampling, tailored to biological questions and 193 

practical constraints. Furthermore, the SQuID environment also allows for the 194 

simultaneous creation of multiple realizations of the world, replicates, from the same 195 

parameter setting (Fig. 3A), which facilitates simulation studies (detailed below). 196 

Note that we reserve the term replicates for independent simulations while the term 197 

repeated observations is used to refer to assayed expressions of the phenotype by a 198 

focal simulated individual within a replicate. 199 

A key component of the SQuID simulation environment is that it allows 200 

individuals to be sampled (repeatedly) for their phenotypic trait(s), and provides 201 

considerable flexibility as to how this sampling is done. One can, for example, 202 

determine how many individuals are sampled, how often individuals are sampled on 203 

average, and whether the number of repeated measures taken per individual is 204 

identical across individuals or variable by following a Poisson process (with a 205 

constant expectation). One can also vary the amount of among-individual variance in 206 

the timing of sampling. At one extreme, users can generate scenarios where the 207 

repeated samples from the same individual are highly clustered (e.g. Fig. 2J-L), such 208 

that some individuals are sampled repeatedly when they are ‘young’ (or early in the 209 

season) whereas other individuals are instead sampled repeatedly when they are 210 

‘older’ (or late in the season). At the other extreme it is possible to generate little or 211 

no among-individual variance in the timing of sampling (e.g. Fig. 2G-I), such that all 212 

individuals, and their traits, are sampled on average (or exactly) at the same time. 213 

Importantly, full recovery of all variance components will not always be possible 214 

since two components might be completely conflated by the sampling regime (e.g., 215 

one observation per individual precludes the separation of between- and within-216 

variances). After setting the sampling parameters, we have programmed SQuID to 217 

Page 11 of 30 Methods in Ecology and Evolution



For Review Only

11 

 

provide pointed visualisation of the true and sampled phenotypes and environments at 218 

each point in time (Fig. 2).  219 

 

How to cook & eat SQuID: applications 220 

Primary research 221 

A major advantage of the SQuID environment is that it can be used efficiently and 222 

independently to conduct simulation studies on issues of general importance and 223 

publish stand-alone papers without empirical data. A large range of questions may be 224 

addressed, including those asking how to trade-off the number of individuals versus 225 

the number of replicates per individual, and how unmeasured (temporally auto-226 

correlated) environmental effects lead to biased estimates of variance components 227 

when the sampling design induces among individual variance in timing of sampling. 228 

A general workflow to perform simulation studies using SQuID would be as 229 

follows. First, the researcher determines the simulation design, which consists of 230 

choosing the time frame of the simulation, and the number of replicate worlds (Fig. 231 

3A). Second, the researcher determines the population characteristics: number of 232 

individuals in each replicate and the number of traits to study (Fig. 3B). Third, the 233 

researcher defines how the environment in the SQuID world varies over time (Fig. 234 

3C). Fourth, the researcher defines the phenotypic equation that will determine the 235 

phenotype of each individual at each instance (Fig. 3D). At this step, the user defines 236 

the effect of the environment on the phenotype, the amount of among-individual 237 

variation in average phenotype and level of phenotypic plasticity and the correlation 238 

between these two reaction norm components. As a final step, the researcher chooses 239 
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a particular scheme to sample phenotypes (Fig. 3E), and downloads the generated 240 

data sets for analysis (Fig. 3F).   241 

 

Simulation-based inferences 242 

The SQuID environment also offers alternative means of interpretation for researchers 243 

that already implement the mixed-model approach into their statistical practices. The 244 

traditional approach to inference follows a linear process that starts from the design of 245 

sampling schemes and usually includes a single (or a very few) data collection step(s). 246 

During data collection, (random) samples are drawn from the base population, and 247 

statistical models are subsequently fitted to these data. Parameters of interest are then 248 

subject to biological interpretation. However, practical constraints for data collection 249 

at different hierarchical levels impose limitations for the performance of the mixed 250 

model approach (e.g., Maas & Hox 2005). Furthermore, variance components are 251 

hard to estimate precisely, and may become biased near their boundaries (e.g. near-252 

zero variance), in particular if the sample size is small (Gelman & Hill 2007). 253 

Knowledge about such biases is essential for the interpretation of estimated 254 

parameters but, unfortunately, the sources of such biases are not always obvious in 255 

complex models and simulations are essential in order to learn about them. 256 

Simulation-based procedures can help avoid misinterpretation and can be used 257 

either a priori or a posteriori to data collection. In the a priori phase, the researcher 258 

can use SQuID to flexibly explore the consequences of alternative sampling scenarios 259 

and/or consider different phenotypic equations in a set of simulation studies. A benefit 260 

of performing simulations before any data is collected is that simulations are not 261 

constrained by practical limitations experienced in either the field or laboratory: it is 262 
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thus possible to create the best-case scenario for sampling. Experience obtained 263 

during this exploration stage can be incorporated in an actual study design, and the 264 

target sample sizes for the empirical part of the study can be appropriately 265 

determined. Therefore, the simulation-conditioned sampling scheme can be used 266 

during the collection of real data, which then can be analysed with the pre-defined 267 

mixed model (ideally the same as the one used in the simulation study).  268 

The SQuID environment can also be exploited in the a posteriori phase, 269 

wherein an analysis of collected data can feed back into previous simulations. This 270 

approach enables the observer to re-investigate the behaviour of the model by 271 

incorporating additional complexities not previously considered. By performing sets 272 

of parametric bootstrapping and sensitivity analyses, the precision and accuracy of the 273 

obtained parameter estimates will be determined relative to the distribution of 274 

parameter estimates from the model that is fitted to simulated data (and not relative to 275 

the error of parameter estimates from the same model). As a consequence, such a 276 

simulation-supported inference can lead to more objective biological conclusions that 277 

appropriately take into account the constraints of sampling and consider potentially 278 

confounding factors.  279 

 

Education 280 

The SQuID web platform offers educational material for those who are newcomers in 281 

the analysis of hierarchically structured data and those who want to teach mixed-282 

effects model analysis to newcomers. Consequently, the platform can be effectively 283 

implemented in both self-training and teaching programs on mixed-effects modelling. 284 

The tutorials on the platform are organized into modules and are loosely ordered with 285 
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increasing complexity from simple two-level analysis towards models that rely on 286 

additional variance components, different environmental effects, hierarchical 287 

structures and interactions (Fig. 4). Going through the modules step-by-step permits 288 

the passive learning of the fundaments of model building. This interface also allows 289 

the user to interactively investigate the consequences of alternative input options for 290 

different components of the generated and sampled world, facilitating active learning. 291 

The generated data can be immediately visualized on the website (see above), but can 292 

also be downloaded and imported into statistical packages for those who wish to make 293 

some explorations on their own.  294 

The exploitation of the online educational material encourages researchers to 295 

appreciate the multi-level structure of phenotypes. By doing so users will be able to 296 

formulate biological hypotheses in a form of phenotypic equations (Westneat et al. 297 

2015) and translate these into statistical models to be analysed with actual data. 298 

Importantly, the use of the simulation interface can help understand how study design 299 

imposes constraints on the potential inferences that can be made about the world, as 300 

detailed in our worked example below. By adopting simulation-based statistical 301 

interpretations, users will become familiar with the concepts of statistical power, 302 

accuracy, and precision of estimated parameters in mixed-effects model analysis. We 303 

consider the interactive aspect of SQuID as embodying a substantially novel 304 

component in comparison to printed education materials, such as textbooks, on 305 

similar topics.  306 

The evolution of SQuID 307 

We expect SQuID to evolve. The SQuID environment has already been modified to 308 

allow learning and exploring various interesting aspects of mixed-effects models and 309 
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data sampling. We envision that the functionality of SQuID will further evolve as we 310 

extend its reach to more difficult problems, including the generation of scenarios 311 

where within-individual residual variances differ across environments (Westneat et al. 312 

2013; Westneat et al. 2015) or individuals (Cleasby et al. 2015), the inclusion of more 313 

complex hierarchical levels modelled by considering correlation matrices (such as 314 

relatedness matrices defined by pedigrees; Kruuk 2004; Wilson et al. 2010), the 315 

effects of phenotypes expressed by other individuals (i.e., social environments such as 316 

parental and indirect genetics effects; McAdam et al. 2014), and incorporation of 317 

more specific sampling designs, non-linear responses to environments and the 318 

simulations of selective mortality (van de Pol & Verhulst 2006). We also foresee an 319 

evolved SQuID as including additional features allowing simulations with non-320 

Gaussian trait distributions, specifically Poisson (with log and square-root link 321 

functions) and Binomial (with logit and probit links) (Fig. 4). Finally, it is possible to 322 

extend the current individual-based focus towards scenarios when other hierarchical 323 

levels (such as populations or species) are of interest. In such cases, additional 324 

sampling designs might be considered, for example when applied to situations where 325 

the number of repeats is determined by a biological predictor (Garamszegi & Møller 326 

2011) or when correlation structures are determined by phylogeny or gene flow 327 

(Stone et al. 2011). 328 

 

Acknowledgements 329 

SQuID was conceived at the Symposium ‘Personality: Causes and Consequences of 330 

Consistent Behavioural Variation’ funded by the Volkswagen Foundation (2013), and 331 

born and potty-trained during two follow-up workshop at the Max Planck Institute for 332 

Page 16 of 30Methods in Ecology and Evolution



For Review Only

16 

 

Ornithology (Seewiesen) funded by the Volkswagen Foundation (2014) and the 333 

International Max Planck Research School for Organismal Biology (2015).  334 

YGAA and NJD were supported by the Max Planck Society, LZG by the Plan 335 

Nacional program (CGL2012- 38262, and CGL2012-40026-C02-01) and the National 336 

Research, Development and Innovation Office of Hungary (K-115970), SN by an 337 

Australian Future Fellowship, DR by a Discovery Grant of the National Sciences and 338 

Engineering Research Council of Canada, and DFW by the National Science 339 

Foundation of the U.S.A. 340 

 

References 341 

 342 

Araya-Ajoy, Y.G., Mathot, K.J. & Dingemanse, N.J. (2015) An approach to estimate 343 
short-term, long-term and reaction norm repeatability. Methods in Ecology and 344 
Evolution, In Press. 345 

Bolker, B.M., Brooks, M.E., Clark, C.J., Geange, S.W., Poulsen, J.R., Stevens, 346 
M.H.H. & White, J.S.S. (2009) Generalized linear mixed models: a practical guide for 347 
ecology and evolution. Trends in Ecology and Evolution, 24, 127-135. 348 

Bolnick, D.I., Amarasekare, P., Araujo, M.S., Burger, R., Levine, J.M., Novak, M., 349 
Rudolf, V.H.W., Schreiber, S.J., Urban, M.C. & Vasseur, D.A. (2011) Why 350 
intraspecific trait variation matters in community ecology. Trends in Ecology & 351 
Evolution, 26, 183-192. 352 

Cleasby, I.R., Nakagawa, S. & Schielzeth, H. (2015) Quantifying the predictability of 353 
behaviour: statistical approaches for the study of between-individual variation in the 354 
within-individual variance. Methods in Ecology and Evolution, 6, 27-37. 355 

Dall, S.R.X., Bell, A.M., Bolnick, D.I. & Ratnieks, F.L. (2012) An evolutionary 356 
ecology of individual differences. Ecology Letters, 15, 1189-1198. 357 

Dingemanse, N.J. & Araya-Ajoy, Y.G. (2015) Interacting personalities: behavioural 358 
ecology meets quantitative genetics. Trends in Ecology and Evolution, 30, 88-97. 359 

Dingemanse, N.J. & Dochtermann, N.A. (2013) Quantifying individual variation in 360 
behaviour: mixed-effect modelling approaches. Journal of Animal Ecology, 82, 39-54. 361 

Dochtermann, N.A. & Gienger, C.M. (2012) Individual variability in life-history traits 362 
drives population size stability. Current Zoology, 2, 358-362. 363 

Page 17 of 30 Methods in Ecology and Evolution



For Review Only

17 

 

Falconer, D.S. & Mackay, T.F.C. (1996) Introduction to Quantitative Genetics. 364 
Longman, New York. 365 

Garamszegi, L.Z. & Herczeg, G. (2012) Behavioural syndromes, syndrome deviation, 366 
and the within- and between-individual components of phenotypic correlations: where 367 
reality does not meet statistics. Behavioral Ecology and Sociobiology, 66, 1651-1658. 368 

Garamszegi, L.Z. & Møller, A.P. (2011) Nonrandom variation in within-species 369 
sample size and missing data in phylogenetic comparative studies. Behavioral 370 
Ecology and Sociobiology, 66, 1363-1373. 371 

Gelman, A. & Hill, J. (2007) Data Analysis using Regression and Multi-372 
variate/Hierarchical Models. Cambridge University Press, New York. 373 

Green, P. & MacLeod, C.J. (2015) Simr: an R package for power analysis of 374 
generalised linear mixed models by simulation. Methods in Ecology and Evolution, In 375 
Press. 376 

Hallgrímsson, B. & Hall, B.K. (2005) Variation: A Central Concept in Biology. 377 
Elsevier Academic Press, Amsterdam. 378 

Johnson, P.C.D., Barry, S.J.E., Ferguson, H.M. & Muller, P. (2015) Power analysis 379 
for generalized linear mixed models in ecology and evolution. Methods in Ecology 380 
and Evolution, 6, 133-142. 381 

Kain, M.P., Bolker, B.M. & McCoy, M.W. (2015) A practical guide and power 382 
analysis for GLMMs: detecting among treatment variation in random effects. PeerJ, 383 
3, e1226. 384 

Kruuk, L.E.B. (2004) Estimating genetic parameters in natural populations using the 385 
'animal model'. Proceedings of the Royal Society of London Series B, 359, 873-890. 386 

Maas, C.J.M. & Hox, J.J. (2005) Sufficient sample size for multi-level modeling. 387 
Methodology, 1, 86-92. 388 

Martin, J.G.A., Nussey, D., Wilson, A. & Réale, D. (2011) Measuring individual 389 
differences in reaction norms in field and experimental studies: a power analysis of 390 
random regression models. Methods in Ecology and Evolution, 2, 362-374. 391 

McAdam, A.G., Garant, D. & Wilson, A.J. (2014) The effects of others' genes: 392 
maternal and other indirect genetic effects. Quantitative Genetics in the Wild (eds A. 393 
Charmantier, D. Garant & L.E.B. Kruuk), pp. 84-103. Oxford University Press, 394 
Oxford. 395 

Nakagawa, S. & Schielzeth, H. (2010) Repeatability for Gaussian and non-Gaussian 396 
data: a practical guide for biologists. Biological Reviews, 85, 935-956. 397 

Nakagawa, S. & Schielzeth, H. (2013) A general and simple method for obtaining R2 398 
from generalized linear mixed-effects models. Methods in Ecology and Evolution, 4, 399 
133-142. 400 

Page 18 of 30Methods in Ecology and Evolution



For Review Only

18 

 

Nussey, D.H., Wilson, A.J. & Brommer, J.E. (2007) The evolutionary ecology of 401 
individual phenotypic plasticity in wild populations. Journal of Evolutionary Biology, 402 
20, 831-844. 403 

O'Hara, R.B. (2009) How to make models add up - A primer on GLMMs. Annales 404 
Zoologici Fennici, 46, 124-137. 405 

R Core Team (2015) R: A Language and Environment for Statistical Computing. 406 
Vienna, Austria. 407 

Schielzeth, H. & Nakagawa, S. (2013) Nested  by design: Model fitting and 408 
interpretation in a mixed model era. Methods in Ecology and Evolution, 4, 14-24. 409 

Stone, G.N., Nee, S. & Felsenstein, J. (2011) Controlling for non-independence in 410 
comparative analysis of patterns across populations within species. Philosophical 411 
Transactions of the Royal Society of London Series B, 366, 1410-1424. 412 

van de Pol, M. (2012) Quantifying individual variation in reaction norms: how study 413 
design affects the accuracy, precision and power of random regression models. 414 
Methods in Ecology and Evolution, 3, 268-280. 415 

van de Pol, M. & Verhulst, S. (2006) Age-dependent traits: A new statistical model to 416 
separate within- and between-individual effects. American Naturalist, 167, 766-773. 417 

van de Pol, M. & Wright, J. (2009) A simple method for distinguishing within- versus 418 
between-subject effects using mixed models. Animal Behaviour, 77, 753-758. 419 

Westneat, D.F., Schofield, M. & Wright, J. (2013) Parental behavior exhibits among-420 
individual variance, plasticity, and heterogeneous residual variance. Behavioral 421 
Ecology, 24, 598-604. 422 

Westneat, D.F., Wright, J. & Dingemanse, N.J. (2015) The biology hidden inside 423 
residual within-individual phenotypic variation. Biological Reviews, 90, 729-743. 424 

Williams, T.D. (2008) Individual variation in endocrine systems: moving beyond the 425 
'tyranny of the Golden Mean'. Philosophical Transactions of the Royal Society B-426 
Biological Sciences, 363, 1687-1698. 427 

Wilson, A.J., Réale, D., Clements, M.N., Morrissey, M.M., Postma, E., Walling, 428 
C.A., Kruuk, L.E.B. & Nussey, D.H. (2010) An ecologist's guide to the animal model. 429 
Journal of Animal Ecology, 79, 13-26. 430 

Wilson, D.S. (1998) Adaptive individual differences within single populations. 431 
Philosophical Transactions of the Royal Society of London Series B, 353, 199-205. 432 

Page 19 of 30 Methods in Ecology and Evolution



For Review Only

19 

 

Table Legends 433 

Table 1. The phenotypic equation is the nervous system of SQuID and consists of 434 

fixed and random effects components (see for an example, see Eqn. 1 in the main 435 

text). The total phenotypic variance (V𝑃) represents the summed total of all variance 436 

components. Subscripts denote individual-specific (I), higher-level group (G) effects, 437 

and measurement errors (e). SQuID allows researchers to include two environmental 438 

covariates (𝑥1 and 𝑥2) into the phenotypic equation; each of those can represent one 439 

of two types of environmental effects: i) environmental influences affecting all 440 

individuals (‘general’ environmental effects) and ii) environmental influences 441 

affecting individuals independently (‘special’ environmental effects). Environmental 442 

effects are mean-centred and expressed in unit variance, hence their explained 443 

variance is the square of their fixed-effect slope (e.g., 𝛽1). Individual differences in 444 

plasticity represent the influence of the among-individual variance in a focal slope 445 

(e.g., V𝑆1). Covariance components (e.g. covariance between intercepts and slopes: 446 

COV𝐼,𝑆1) exist, but do not contribute to total variance since the environmental 447 

variables (x) are generated with a mean of 0. 448 
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Table 1. Summary of the components that can be extracted from the mixed-effects model, using a data set generated by SQuID in a 449 

situation where the phenotypic trait y is a function of two different environmental variables (x1 and x2) and their interaction. 450 

 

Phenotypic equation 
y =  β0 +  β1𝑥1 + β2𝑥2 + β12𝑥1𝑥2 + 𝐼 + 𝑆1𝑥1 + 𝑆2𝑥2 + 𝑆12𝑥1𝑥2 + 𝐺 + 𝑒 

 
Summation of variance componentsa 

𝑉𝑃 = V𝛽1 + V𝛽2 + V𝛽12 + 𝑉𝐼 + V𝑆1 + V𝑆2 + V𝑆12 + 𝑉𝐺 + 𝑉𝑒 

Component Explanation Variance componentb Remarks 
Fixed effects 
 β0 Population mean -  
 β1𝑥1 Population-average response to an 

environmental effect 𝑥 (with variance 
𝑉𝑥1) 

V𝛽1     = β1
2𝑉𝑥1  In SQuID  𝑉𝑥1 = 1. 

 β2𝑥2 Population-average response to an 
environmental effect 𝑥 (with variance 
𝑉𝑥2) 

V𝛽2     = β2
2𝑉𝑥2  In SQuID  𝑉𝑥2 = 1. 

 β12𝑥1𝑥2 
 

Population-average response 
interaction to two environmental 
effects (𝑥1, 𝑥2) 

 V𝛽12   = β12
2 𝑉𝑥1𝑥2  Since in SQuID 𝑉𝑥1 = 𝑉𝑥2 = 1 and  𝑥1 and 𝑥2 are 

independent of each other, the expected variance of 
the product is 𝑉𝑥1𝑥2 = 1.c 

Random effects 
 𝐼 Individual-specific deviations (random 

intercepts) 
 V𝐼         =  𝑉𝑎𝑟(𝐼) In the presence of random slope variation, V𝐼 

expresses the variance at the point where all 
covariates are zero. Since all covariates are centred to 
zero in SQuID, this represents the variance at average 
values of the covariate(s). 

 𝑆1𝑥1 Individual-specific response to an  V𝑆1 = Var(𝑆1)𝑉𝑥1 + E(𝑥1)2 ∙ Var(𝑆1) In SQuID 𝑉𝑥1 = 1 and E(𝑥1) = 0, which considerably 
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environmental effect 𝑥1 (random 
slopes) 

simplifies the equation to V𝑆1 = Var(𝑆1)  

 𝑆2𝑥2 Individual-specific response to an 
environmental effect 𝑥2 (random 
slopes) 

 V𝐼𝑆2 = Var(𝑆2)𝑉𝑥2 + E(𝑥2)2 ∙ Var(𝑆2) In SQuID 𝑉𝑥2 = 1 and E(𝑥2) = 0, which considerably 
simplifies the equation to V𝑆2 = Var(𝑆2). 

 𝑆12𝑥1𝑥2 Individual-specific response 
interaction to two environmental 
effects (𝑥1, 𝑥2) (random slopes) 

 V𝑆12 = Var(𝑆12)𝑉𝑥1𝑥2 + E(𝑥1𝑥2)2 ∙
Var(𝑆12) 
 

In SQuID  𝑉𝑥1 = 𝑉𝑥2 = 1 and E(𝑥1) = E(𝑥2) = 0 and 
independence of 𝑥1 and 𝑥2, the expected variance of 
the product 𝑉𝑥1𝑥2 = 1 and the expected mean of the 
product is  E(𝑥1𝑥2) = 0, which considerably 
simplifies the equation to V𝑆12 = Var(𝑆12).d 

𝐼 and 𝑆1𝑥1 Covariance between random intercepts 
and random-slopes in response to an 
environmental effect 𝑥1. 

COV𝐼,𝑆1 = E(𝑥1) ∙ Cov(𝐼, 𝑆1) In SQuID E(𝑥1) = 0 and hence the covariance does 
not contribute to total phenotypic variance.e 

𝐼 and 𝑆2𝑥2 Covariance between random intercepts 
and random-slopes in response to an 
environmental effect 𝑥2. 

COV𝐼,𝑆2 = E(𝑥2) ∙ Cov(𝐼, 𝑆2) In SQuID E(𝑥1) = 0 and hence the covariance does 
not contribute to total phenotypic variance.e 

𝐼 and 𝑆12𝑥1𝑥2 Covariance between random intercepts 
and individual-specific response 
interaction to two environmental 
effects (𝑥1, 𝑥2) (random slopes). 

COV𝐼,𝑆12 = E(𝑥1𝑥2) ∙ Cov(𝐼, 𝑆12) In SQuID E(𝑥1) = E(𝑥2) = 0 and an expected mean 
of the product of  E(𝑥1𝑥2) = 0 and hence the 
covariance does not contribute to total phenotypic 
variance.e 

  
𝑆1𝑥1 and 𝑆2𝑥2 Covariance between random-slopes in 

response to an environmental effect 𝑥1 
and random-slopes in response to an 
environmental effect 𝑥2. 

COV𝑆1,𝑆2 = E(𝑥1) ∙ E(𝑥2) ∙ Cov(𝑆1, 𝑆2) In SQuID E(𝑥1) = E(𝑥2) = 0 and hence the 
covariance does not contribute to total phenotypic 
variance.e 

𝑆1𝑥1 and 
𝑆12𝑥1𝑥2 

Covariance between random -slopes in 
response to an environmental effect 𝑥1 
and individual-specific response 
interaction to two environmental 
effects (𝑥1, 𝑥2). 

COV𝑆1,𝑆12 = E(𝑥1) ∙ E(𝑥1𝑥2)
∙ Cov(𝑆1, 𝑆12) 

In SQuID E(𝑥1) = E(𝑥2) = 0  and an expected mean 
of the product of E(𝑥1𝑥2) = 0 and hence the 
covariance does not contribute to total phenotypic 
variance.e  

𝑆2𝑥2 and 
𝑆12𝑥1𝑥2 

Covariance between random -slopes in 
response to an environmental effect 𝑥2 
and individual-specific response 
interaction to two environmental 

COV𝑆2,𝑆12 = E(𝑥2) ∙ E(𝑥1𝑥2)
∙ Cov(𝑆2, 𝑆12) 

In SQuID E(𝑥1) = E(𝑥2) = 0 and an expected mean 
of the product of  E(𝑥1𝑥2) = 0 and hence the 
covariance does not contribute to total phenotypic 
variance.e 
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effects (𝑥1, 𝑥2). 
 𝐺 Higher-level grouping variance 

(clusters, groups, families etc.) 
 V𝐺     = Var(𝐺)  

 𝑒 Measurement error  V𝑒     = Var(𝑒)  
y or z Total phenotypic variance  V𝑃  
 

a Covariance parameters exist but do not contribute to total phenotypic variance. 451 

b Variances as they contribute to the total phenotypic variance. 452 

c We anticipate that the covariance Cov𝑥1,𝑥2 between  𝑥1 and 𝑥2 can be set by the user while SQuID evolves, which will affect 𝑉𝑥1𝑥2. 453 

d We anticipate that the covariance between 𝑥1 and 𝑥2 can be set by the user while SQuID evolves, which will affect 𝑉𝑥1𝑥2 and 454 

E(𝑥1𝑥2). 455 

e Note the distinction between COV𝐼,𝑆1as a potential contributor to the variance and Cov(𝐼, 𝑆1) as a covariance between intercepts 456 

and slopes, and that it can be simulated and estimated. Mean centring of the environmental gradients has the advantage that we can 457 

interpret the intercept variance as the variance at an average environmental value and the intercept-slope covariance as the location 458 

of the minimum of the between-individual variance. With arbitrary scaling of the environmental gradients, the interpretation of the 459 

intercept variance will change and COV𝐼,𝑆1will have to appear in the summation of variance components.460 
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Figure Legends 461 

Figure 1: The SQuID world. For explanation see the main text. 462 

 

Figure 2: Effect of three different types of environmental covariates (A, B, C) on 463 

phenotypic responses of individuals (D, E, F) and their respective sampling values 464 

using two sampling designs (G, H, I vs. J, K, L). Environment (A) is generated from a 465 

normal distribution ~N(0,0.1) with an autocorrelation of 0.75 between two 466 

consecutive values (time steps) and a decrease in the correlation over time determined 467 

by the decay function e-α Δh where α is the natural logarithm of the correlation and Δh 468 

is the difference in time. Environment (B) is generated similarly to environment (A) 469 

but it changes linearly over time (𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡ℎ = 0 + 0.05 × ℎ). Environment (C) 470 

is generated similarly to environment (A) with a cyclic change added following the 471 

equation [𝑎 × sin(𝑏 × ℎ) + 𝑏] + 𝑑 where |𝑎| (= 0.05) is the amplitude, 2𝜋/|𝑏|(=472 

50) is the period, −𝑐/𝑏(= 0) is the horizontal shift and 𝑑 (= 0) is the vertical shift.  473 

(D, E, F) Raw individual phenotypic responses to each environment respectively A, B 474 

and C described by the model 𝑦ℎ𝑖 = 𝐼𝑖 + 𝛽𝑥ℎ𝑖 + 𝑒ℎ𝑖 where 𝑦ℎ𝑖 is the phenotypic 475 

response for the trait y at the instance h (100 time steps) of individual i (5 476 

individuals), 𝐼𝑖 [~ N(0, 𝑉𝐼𝑖 = 0.95)] is the individual intrinsic value of the individual i 477 

for the trait y, 𝛽 (= 1) is the slope of regression of the trait y as a function of 478 

environment 𝑥ℎ𝑖 and 𝑒ℎ𝑖 [~N(0, 𝑉𝑒ℎ𝑖 = 0.05)] is the measurement error for the trait y at 479 

the instance h and for individual i.  (G, H, I) Sampled individual phenotypic values (5 480 

records per individual) from the raw individual phenotypic values where the among-481 

individual variance in time of sampling (𝑉ℎ𝑠𝑖) is 0 (i.e. individuals are independently 482 
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sampled with an uniform distribution within the simulated time). (J, K, L) are similar 483 

to (G, H, I) except that 𝑉ℎ𝑠𝑖  is 0.8 (i.e. individuals are independently sampled with a 484 

uniform distribution within a random period of time corresponding to 20% of the 485 

entire simulation time).  486 

 

Figure 3: General flowchart of how to use SQuID. The figure shows stylized 487 

screenshots of the web interface to illustrate the different steps that researchers would 488 

follow to generate simulated datasets: Defining (A) the simulation design, (B) the 489 

number of replications (populations), (C) the temporal patterning in the environment, 490 

(D) the phenotypic equation, and (E) the sampling scheme, after which (F) the 491 

generated dataset is downloaded for post-processing. 492 

 

Figure 4: Flowchart of modules. Modules boxed in black are part of contemporary 493 

SQuID; dashed modules are anticipated to be added as SQuID evolves.  494 

Page 25 of 30 Methods in Ecology and Evolution



For Review Only

25 

 

Online Supplementary Table S1: SQuID can model a bivariate phenotypic equation 495 

with random intercepts and slopes for individual identity with respect to two 496 

environmental covariates. SQuID enables both linear and interactive effects of these 497 

covariates on the bivariate phenotype (i.e., non-warped vs. warped multi-dimensional 498 

reaction norm planes; Araya-Ajoy et al. 2015; Westneat et al. 2015) to be modelled. 499 

Covariances in SQuID emerge due to user-defined settings in the fixed and random 500 

parts of the equation. Covariances in the random part are set directly by the user, 501 

whereas covariances in the fixed part instead emerge when a focal environmental 502 

effect is set to affect both traits (e.g., 𝛽1𝑦 ≠ 0 and 𝛽1𝑧 ≠ 0). A large number of 503 

covariance terms, listed here, can thus be simulated.  504 
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Online Supplementary Table S1 (continued) 505 

Variance component Explanation 
Fixed effects  
 COV𝐸𝑃𝑦,𝐸𝑃𝑧

 Population-average (i.e., within-individual) covariance between the 
reaction norm slope for traits 𝑦 and 𝑧 (i.e., linear within-individual 
response to environmental effect 𝑥); exists for all (maximum two) 
fitted effects (𝑥1, 𝑥2) 

COV𝐸1𝑃𝑦𝐸2𝑃𝑦,𝐸1𝑃𝑧𝐸2𝑃𝑧
 Population-average (i.e., within-individual) covariance between a 

reaction norm slope interaction between two environmental effects 
(𝑥1, 𝑥2) for trait 𝑦 and the same slope interaction for trait 𝑧. 

Random effects  
 COV𝐼𝑦,𝐼𝑧 Individual-specific covariance between reaction norm intercepts for 

traits 𝑦 and 𝑧  
 COV𝑆𝑦,𝐼𝑧 Individual-specific covariance between a reaction norm slope for trait 

𝑦 (i.e., linear within-individual response to environmental effect 𝑥) 
and an intercept for trait 𝑧; exists for all (maximum two) fitted effects 
(𝑥1, 𝑥2); exists also for the reverse scenario (i.e., COV𝐼𝑦𝑆𝑧)  

 COVSy,𝑆𝑧 Individual-specific covariance between a reaction norm slope for trait 
𝑦 (i.e., linear within-individual response to environmental effect 𝑥) 
and the same slope for trait 𝑧; exists for up to two effects (𝑥1, 𝑥2) 
(i.e., COVS1y,𝑆1𝑧, COVS2y,𝑆2𝑧) 

 COVS1y,𝑆2𝑧 Individual-specific covariance between a reaction norm slope for trait 
𝑦 (i.e., linear within-individual response to environmental effect 𝑥1) 
and another slope for trait 𝑧 (i.e., response to effect 𝑥2); exists also 
for reverse scenario (i.e., COVS2y,𝑆1𝑧) 

 COVS12y,𝐼𝑧 Individual-specific covariance between a reaction norm slope 
interaction between two environmental effects (𝑥1, 𝑥2) for trait 𝑦 and 
an intercept for trait 𝑧; exists also for the reverse scenario (i.e., 
COVIy,𝑆12𝑧) 

COVS12y,𝑆𝑧 Individual-specific covariance between a reaction norm slope 
interaction between two environmental effects (𝑥1, 𝑥2) for trait 𝑦 and 
a slope for trait 𝑧 (i.e., linear within-individual response to 
environmental effect 𝑥1 or  𝑥2), resulting in, respectively, COVS12y,𝑆1𝑧 
or COVS12y,𝑆2𝑧); exists also for reverse scenarios 
(COVS1y,𝑆12𝑧, COVS2y,𝑆12𝑧). 

COVS12y,𝑆12𝑧 Individual-specific covariance between a reaction norm slope 
interaction between two environmental effects (𝑥1, 𝑥2) for trait 𝑦 and 
the same slope interaction for trait 𝑧. 

 COV𝐺𝑦,𝐺𝑧 Higher-order covariance between reaction norm intercepts for traits 𝑦 
and 𝑧  

 COV𝑒𝑦,𝑒𝑧 Measurement error covariance between reaction norm intercepts for 
traits 𝑦 and 𝑧  
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