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 32 

Abstract 33 

 34 

Field data collection can be expensive, time consuming and difficult; insightful research 35 

requires statistical analyses supported by sufficient data. Pilot studies and power analysis 36 

provide guidance on sampling design but can be challenging to perform, as ecologists 37 

increasingly collect multiple types of data over different scales. Despite a growing simulation 38 

literature, it remains unclear how to appropriately design data collection for many complex 39 

projects.  Approaches that seek to achieve realism in decision-making contexts, such as 40 

management strategy evaluation and virtual ecologist simulations, can help.  41 

 42 

For a relatively complex analysis, we develop and demonstrate a flexible simulation approach 43 

that informs what data are needed and how long those data will take to collect, under realistic 44 

fieldwork constraints. We simulated data collection and analysis under different constraint 45 

scenarios that varied in deterministic (field trip length, travel and measurement times) and 46 

stochastic (species detection and occupancy rates, and inclement weather) features. In our 47 

case study, we fit plant height data to a multi-species, three-parameter nonlinear growth 48 

model. We tested how the simulated datasets, based on the varying constraint scenarios, 49 

affected the model fit (parameter bias, uncertainty and capture rate). Species prevalence in 50 

the field exerted a stronger influence on the datasets and downstream model performance 51 

than deterministic aspects such as travel times. When species detection and occupancy were 52 

not considered, the field time needed to collect an adequate dataset was underestimated by 53 

40%.  54 

 55 

Simulations can assist in refining fieldwork design, estimating field costs and incorporating 56 

uncertainties into project planning. We argue that combining data collection, analysis and 57 

decision-making processes in a flexible virtual setting can help address many of the decisions 58 

that field ecologists face when designing field-based research.   59 

 60 

Keywords: virtual ecology, fieldwork, simulation, hierarchical models, management strategy 61 

evaluation, sampling, experimental design.  62 
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 80 

 81 

 82 

Introduction  83 

 84 

Field data collection is expensive, time consuming and difficult. Difficulties can arise when 85 

ecologists ask relatively simple questions over complicated environmental gradients or ask 86 

questions involving complicated causal pathways to understand processes that underlie 87 

ecological theories. These questions require multivariate data collection and complex 88 

analyses such as hierarchical or mixed effects modeling (Zuur et al. 2007). In addition to 89 

collecting data over complex environmental space, the ecological relationships we care about 90 

are often non-linear in nature, for example plant species growth (Thomas and Vesk 2017b), 91 

species area curves (Scheiner 2003), species abundance or dispersal curves (Tjorve 2003) or 92 

long-term changes in population structure (Seavy and Reynolds 2007). The complexity of 93 

natural systems can place substantial demands on the volume, type and sampling design of 94 

data required for ecological research.   95 

 96 

The value of statistical inference depends on the underlying model assumptions and the data 97 

collected (Nicholls 1989, di Stefano 2003). Power analysis is frequently recommended as a 98 

key element of study design (Day and Quinn 1989, Johnston et al. 2015) to assess this 99 
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relationship between data and inference. However, whilst many ecologists are familiar with 100 

the concept of power analysis, it is commonly misapplied due to, among other things, 101 

research lacking clear objectives (Yoccoz et al. 2001), arbitrarily defined statistical thresholds 102 

that lack biological meaning (di Stefano 2003) and an under-appreciation of the relative costs 103 

of different statistical errors (di Stefano 2003). Power analyses are often not conducted 104 

effectively in ecological studies or monitoring programs (Peterman 1990; Fairweather 1991; 105 

Vos et al 1999; Legg and Nagly 2006, Low-Decarie et al 2014; Johnston et al. 2015). This is 106 

partly due to a culture in ecology that does not ask for them, but also reflects a lack of 107 

available methods for contemporary analysis (Johnston et al. 2015).  108 

 109 

Designing robust, field-based research is not only about having adequate sample sizes, and 110 

achieving the nominal sample size does not ensure a robust study design (van de Pol 2011). A 111 

target sample size may not be helpful when a study is constrained by time or budget (di 112 

Stefano 2003). Field ecologists often face missing data and unbalanced designs (Kain et al. 113 

2015), because field data are not always as available as we expect. Methods to appropriately 114 

design field campaigns are increasingly becoming more realistic. For instance, occupancy 115 

studies have been informed by search effort optimization (although they do not typically 116 

quantify time and cost; MacKenzie and Royle 2005), and other survey designs have focused 117 

on visits to a single site (Moore and McCarthy 2014), and including optimized searches 118 

across multiple sites with varying detectability (Hauser and McCarthy 2009, Moore and 119 

McCarthy 2016).   120 

 121 

Methods to adequately design ecological studies for complex analysis can be broadly typified 122 

as ‘virtual ecologist’ approaches (Tyre et al. 2001, Zurell et al. 2009, Meyer et al. 2009), 123 

mathematical optimization methods (Moore and McCarthy 2016) and software packages 124 

(Johnson et al. 2015).  The ‘virtual ecologist’ approach uses simulation to mimic real world 125 

conditions to virtually construct and analyse data. It has been used to explore the effects of 126 

survey design under economic constraints (Field et al. 2007), test analytical tools (Wunder et 127 

al. 2007), mimic experimental design in greenhouse conditions (Meyer et al. 2009), 128 

determine the largest sources of variability in analysis of species distribution models 129 

(Tessarolo et al. 2014) and to monitor dynamic spatio-temporal ecological processes 130 

(Williams et al. 2018). Optimization methods differ from ‘the virtual ecologist’ approach. 131 

Optimizations target specific study objectives, describe processes and constraints with 132 

mathematical equations and solve them.  Optimization has been used to prioritize survey 133 
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effort for eradication programs (Hauser et al. 2016) and to optimize survey effort over space 134 

and time incorporating species detection rates and budget (Moore and McCarthy, 2016).  135 

Numerous examples exist of software such as R packages aimed at making power analysis 136 

easier for ecologists, including ‘odprism’, for optimal design of mixed models (van de Pol 137 

2011), ‘simm.glmm’  (Johnson et al., 2015) and ‘SIMR’ (Green and MacLeod, 2016), which 138 

use simulations to conduct power analysis for generalized linear mixed models.   139 

 140 

An important question is whether simulations will help researchers design better studies 141 

(Peck 2004, Meyer et al. 2009, Johnston et al. 2015). One area where real world complexities 142 

have been successfully included in virtual settings is in Management Strategy Evaluation 143 

(MSE) (Bunnefeld et al. 2011).  This approach uses simulation models in an adaptive 144 

framework to test a range of management approaches that meet objectives given a complex 145 

decision environment (Bunnefeld et al. 2011).  It combines data collection with specific 146 

analysis and management implications based on those analyses in a virtual setting (Punt et al. 147 

2014). Some of the greatest advantages of MSE are that it allows experimentation under a 148 

range of circumstances, various forms of uncertainties can be included and it encourages 149 

prospective rather than retrospective evaluation of actions (Bunnefeld et al. 2011).  150 

Management strategy evaluation has been championed in fisheries science and used to 151 

identify ‘realizable’ management performance given uncertainties (Punt et al. 2014), and it is 152 

beginning to be implemented in complex terrestrial conservation problems (Milner-Gulland 153 

2010; Bunnefeld et al. 2011).   154 

 155 

We argue that a similar mentality of combining data collection, analysis and decision making 156 

processes in a flexible, virtual setting can be applied for the decisions that an ecologist faces 157 

when designing field research. Despite the vital role that field studies play in ecology, 158 

rigorous design and testing of field studies is rarely conducted (or reported) in the ecological 159 

literature.  To address this gap, we demonstrate a flexible simulation approach designed to 160 

identify how much and what kinds of data are needed for a relatively complex analysis (e.g. 161 

trade-offs between number of sites and numbers of individuals sampled at each site), and how 162 

long those data will take to collect.  Our approach differs from others described above in that 163 

we incorporate realistic fieldwork constraints including travel times, poor weather and 164 

varying species detection rates.  165 

 166 
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We use a case study of height-growth data collected in a semi-arid system, where the data 167 

were used to develop a multi-species non-linear growth model to predict heights of multiple 168 

plant species given time since fire at a site (Thomas and Vesk 2017b). The study area is vast 169 

and heterogeneous - not all species are in the same place, and some species are harder to find 170 

than others. The simulation structure incorporates data analyses, providing a direct causal 171 

chain between from design to sampling choices in the field, resultant datasets and the 172 

precision and accuracy of the chosen model. 173 

 174 

Methods  175 

 176 

The aim of this paper is to demonstrate a “context-specific” simulation approach that can be 177 

used for designing robust field-based studies. This approach differs from traditional power 178 

analyses, which typically do not incorporate realistic fieldwork constraints.  Although actual 179 

field collection methods vary considerably, there are some common factors that need to be 180 

considered when designing robust field studies.  These factors – or the ‘context’ – involve 181 

both environmental and logistical constraints. In the following sections, we present questions 182 

that help to structure a fieldwork simulation, and can be used to identify factors that need to 183 

be captured by the simulation including variables that we are concerned about, variables that 184 

we are capable to making decisions about, and constraints. Of course, the first step is always 185 

to clearly define the research objective, identify the purpose of the monitoring program or 186 

clearly articulate the reasons for why data are being collected (Fig. 1). 187 

 188 

Ecological variables  189 

 190 

Once the purpose of the field study has been determined, the next step is to determine what 191 

types of data will fulfill this purpose. The ecological variables reflect the ‘true’ state in the 192 

simulation and the ‘real’ data, as we perceive them in the world.  Specifying ecological 193 

variables concisely reflects what variables will help address the purpose of the field study.  194 

Important questions to consider here are: what are the data?  Do they vary across space or 195 

time? How are they measured? When is it best to measure them? Ecological variables also 196 

can include ‘nuisance variables’; these are measurable variables that do not directly serve the 197 

study’s purpose but are correlated with the response variables. Including them in the analysis 198 

is expected to improve inference, even though they do not directly address the study’s 199 

purpose. In our case study the values of the ecological variables inform data collection 200 
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decisions such as how many individuals should be collected of a species at each site (Figure 201 

1).    202 

 203 

Field conditions  204 

  205 

Field conditions represent logistics and include information such as where the sites are, how 206 

many sites there are, how the sites differ, whether species occur at every site, how long it 207 

takes to move between sites, how long it takes to travel to sites from field accommodation, 208 

and how long it takes to set up sites.  209 

 210 

Data collection  211 

 212 

The data collection process captures both the variable combinations to be replicated, and 213 

which of these variables most affect the sample sizes. This can be a point to incorporate 214 

uncontrollable constraints (e.g. the chance of no data collection on some days due to bad 215 

weather) and fieldwork time constraints (e.g. a maximum of 10 working hours per day). 216 

Attributes that reflect survey design can be included, for example the minimum or maximum 217 

time allocated to one site. Simulated data are collected and the field time required to collect 218 

each data point is recorded, so that the amount of data collected under different time 219 

constraints, given ecological variables and field conditions, can be compared.  220 

 221 

Data analysis 222 

 223 

The fieldwork simulation imitates the dataset that might be produced from a single field trip 224 

of a given duration.  This single field trip can be replicated many times to account for natural 225 

variation between each visit into the field.  The accumulated data from multiple field trip 226 

replications can then be analysed, to determine under which conditions the data collected 227 

suits the analysis envisioned (Table 1).  This is a key point with which to interrogate the 228 

analysis methods, as well as the overall purpose of the study.  Are the right data being 229 

collected? Is it possible to collect enough data for the analysis?  How much extra time will it 230 

take to collect an adequate amount of data?  Is this feasible?  Can the purpose of the study be 231 

achieved?  232 

 233 

Case Study 234 
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 235 

This case study uses data on the height of multiple plant species across a chronosequence (a 236 

space-for-time substitution (Walker et al. 2010)) of time-since-fire sites in Murray Sunset 237 

National Park, Victoria (34.7683° S, 141.8542° E), a large conservation area within the semi-238 

arid Murray Mallee region of South-Eastern Australia (for detailed methods see Thomas and 239 

Vesk 2017a). The vegetation and fire histories of the Murray Mallee region have previously 240 

been comprehensively mapped (Haslem et al. 2012; Avitabile et al. 2013). Our field sites 241 

were eleven areas varying in time-since-fire (1,2,4,8,13,15, 26, 33, 36,46,86 years) that were 242 

visited as our space-for-time sequences to measure the increase in height of post-fire 243 

recruiting re-seeding plants through time. The purpose of collecting these data was to build 244 

multi-species models of plant growth to assess how plant functional traits may be used to 245 

predict plant species’ growth trajectories both within an ecosystem (Thomas and Vesk 246 

2017b) and between ecosystems (Thomas and Vesk, 2017a). 247 

 248 

With the aim of interrogating the efficiency of this fieldwork, the authors timed all aspects of 249 

their data collection. Times noted on a typical day included: the time of leaving 250 

accommodation, the time of arrival at national park boundaries, the time of arrival at the first 251 

field site, the time taken to set up field gear, the time taken to find the first plant to measure, 252 

the time taken to measure the plant, the time taken to find the next plant, the entire time spent 253 

at one site, and the time spent driving to another site.  Times measured were based on two 254 

field ecologists measuring plant heights (one researcher and one volunteer). This account of 255 

time for field-based data collection was used to inform the simulation of the field data 256 

collection process.  Additionally, we used modeled estimates of the height data collected for 257 

each of the plant species to set up the simulated ‘true growth parameter states’ (Appendix S1: 258 

Table S1).   259 

 260 

Ecological variables 261 

 262 

We begin the simulation by setting up ‘true’ states, in the form of three matrices: one holds 263 

the mean height for each species at each observed time-since-last-fire in the chronosequence, 264 

the second holds the species-specific mean time required to find each individual at a site 265 

(Appendix S1: Table S1), and the third holds the occurrence probability of each species 266 
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(Appendix S1: Table S1).  By changing each of these matrices we can explore different 267 

scenarios of on-ground constraints (Fig.1). 268 

 269 

The ‘ true’ mean plant heights are generated using the Hillslope equation (Tjørve 2009), 270 

which is a re-paramaterisation of a logistic equation.  Its three growth parameters are 271 

biologically interpretable and relate to the maximum height achieved (parameter ����), 272 

the maximum relative growth rate (maximum RGR, parameter � in cm/cm/yr (Atwell 273 

1999)), and the time at which maximum growth occurs (parameter �, in years) (Eq. 1.1).  274 

 275 

 ��,� =
�����,�

(� + ����−��,� ��� − ��,���) 
 

Equation 1.1 

where �Ri,j  is the observed height of individual plant i of species j (cm) and Ti

 278 

 is the time-276 

since-fire (yr) at which individual i is observed.  277 

Number of individuals collected  279 

We specify the minimum and maximum number of individuals we want to collect per species 280 

per replicate site with a given time-since-fire. This may be a single value (e.g. exactly five 281 

individuals per species) or a range (e.g.  we can collect at least three but no more than 10 282 

individuals of each species within each site).  283 

 284 

Field conditions 285 

Field site selection  286 

 287 

For each time-since-fire value, there may be multiple replicate sites that can be visited.  288 

Sampling across a broad range of time-since-fire values will enable effective estimation of 289 

many species’ growth curves. However, the species available to sample may vary among 290 

replicate sites with the same time-since-fire value. Thus, we specify the number of replicates 291 

to visit, and the order of time-since-fire values? in which the sampling takes place.   For 292 

example, we may wish to visit early, mid and late time-since-fire sites once before getting 293 

replicates of each, or alternatively we might wish to visit multiple replicate sites of a given 294 
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time-since-fire to collect a broader range of species, before moving to a site with a different 295 

time-since-fire value. 296 

  297 

Travel and measurement times 298 

 299 

Additional fixed parameters are set that relate to the total number of hours available to work 300 

per day, the available time-since-fire chronosequence and replicate sites available, the home-301 

to-site travel time, the time it takes to measure individuals, the travel time between sites, the 302 

setup time required at each site, and the maximum time allowed to spend at a site (Appendix 303 

S1: Table S2). We set up different available field times in order to explore field trip durations 304 

from 7 days in weekly increments up to 200 days of total time spent during a field trip

 306 

.  305 

Data collection 307 

 308 

The process of field data collection is simulated in an R function 309 

(https://doi.org/10.5281/zenodo.1400861

 319 

, Fig. 2). In its first phase, it identifies the time 310 

available for on-ground data collection. We use a custom ‘problem’ probability distribution 311 

to describe the probability of half days of fieldwork being removed from the overall 312 

fieldwork time due to unforeseen circumstances, such as flat tires or extreme weather (using 313 

our field-based data to inform this). The number of realized fieldwork days available is drawn 314 

from this distribution. From the number of realized fieldwork days, we subtract the time 315 

required to travel to and from the field sites each day.  The time available for finding and 316 

measuring individuals at sites accounts for the travel time between sites and the setup time 317 

required at each new site.  318 

We use three arrays to store the simulated data:  320 

1. ‘Fitting Data’ represents a regular field data sheet, storing each species ID, individual 321 

height and the time-since-fire value and replicate it was collected in.   322 

2. ‘Finds through time’ records the order of species measured, the time elapsed and the 323 

height of the measured species. 324 

3. ‘Summary Data’ records the species ID, occupancy, the number of individuals 325 

collected for each species, a flag indicating whether we have collected the required 326 

number of individuals, and mean species height based on the site’s time-since-fire.  327 
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With the data collection time calculated and storage arrays defined, the simulation of data 328 

collection can proceed. Given the total number of sites, the algorithm chooses which site and 329 

which replicate to visit based on a ‘Priority list’ (an ordered list of sites and replicates within 330 

sites to visit based on the researcher’s field design) designated in the field site selection code. 331 

Each species’ presence at a site is drawn from the occupancy probability distribution, and it is 332 

possible to search for this species if it is present at a site and the maximum number of 333 

individuals has not yet been collected. A set-up time elapses, and then individuals are sought, 334 

with the time to detection drawn from a species-specific exponential distribution. Time 335 

elapses as the individual is measured. Height values are drawn from a lognormal distribution 336 

with parameters specified by the height-growth model (with variation specified in Appendix 337 

S1: Table S2). The algorithm continues searching, measuring and recording randomly drawn 338 

individuals until the pre-defined number of individuals of all required species have been 339 

found, or until the total time allowed at that site elapses.  The algorithm then moves to the 340 

next site based on the field design (Priority list), until the total field trip time elapses.  All 341 

data are stored in arrays (Fig 2). 342 

 343 

 Data analysis 344 

 345 

The fieldtrip function collects data from each simulated fieldtrip 346 

(https://doi.org/10.5281/zenodo.1400861

 352 

, Fig. 2), and uses the Bayesian modelling package 347 

jags (Plummer 2013) via the statistical software environment R version 2.5.2 (R Core Team, 348 

2015) with the package R2jags (Su and Yajima 2015) to fit a multi-species, hierarchical, 349 

three-parameter nonlinear growth model (Eq. 1.1) (Thomas and Vesk 2017a, Thomas and 350 

Vesk 2017b).  351 

Estimating power and choosing sites  353 

 354 

Number of individuals 355 

We wanted to compare the simulated results to a benchmark with sufficient individuals per 356 

species, replication and diversity of time-since-fire sites for an acceptable performance of 357 

parameter estimates in the model.  To develop these benchmark values, we freed the 358 

simulation from time and species-specific constraints, and controlled the number individual 359 

plants collected (ranging from 1 per species up to 20 individuals per species) over all time-360 

since-fire sites. We fit these data to the same height growth models and compared model fit 361 
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between this approach and the context-specific simulations. These simulations reveal the 362 

number of individuals per species needed to generate stable parameter estimates (i.e. 363 

collecting more data would not reduce the variation around the estimates significantly).  364 

 365 

Nature of chronosequences  366 

 367 

In reality, the number of sites that can feasibly be visited may be restricted. We simulated a 368 

range of possible constraint scenarios capturing various numbers and configurations of time-369 

since-fire values; we also explored low and high goals for the number of individuals collected 370 

per species (5 and 20, respectively).  371 

 372 

A key design question when undertaking our case study was whether to visit all time-since-373 

fire values equally, or to subset sites and focus on capturing more data in early, mid or late 374 

growth patterns, or to sample sparsely across the range of time-since-fire values available. 375 

We used our simulation to test some different strategies, named ‘Early’ (time-since-fire ages: 376 

1,2,4,6,8 years), ‘Late’ (time-since-fire ages: 28,33,36,41,86 years), ‘Middle’ (time-since-fire 377 

ages: 8,13,15,26,28 years) and ‘Sparse’ (time-since-fire ages: 1,13,26,36,86 years) strategies, 378 

comparing these to the ‘All time-since-fire set (time-since-fire ages: 379 

1,2,3,4,6,8,13,15,26,28,33,36,41,86 years). This ‘All sampling represents the fieldwork 380 

undertaken in the Murray Sunset National Park.  We simulated the collection of 5 individuals 381 

per species per time-since-fire over each of these chronosequences (we also replicated this 382 

using 20 individuals per species, see Appendix S1: Fig. S1).  We compared performance of 383 

the statistical models fit to these data using precision and capture rate (see below for details).  384 

 385 

Incorporating realistic field-based constraints  386 

 387 

The aim of these case study simulations was to determine how differing quantities and kinds 388 

of data affect the modeled estimates of plant height-growth.  Additionally, we aimed to assess 389 

how realistic fieldwork constraints based on time impact the ability to collect an adequate 390 

amount of data. We achieved this by simulating a number of different data collection 391 

scenarios with differing numbers of individuals collected per species and differing spread of 392 

chronosequence sites.  This allowed us to assess how sample sizes and site type affected the 393 

parameter estimates of our growth model (Equation 1.1).  394 

 395 
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Time is then incorporated, to simulate a realistic field-sampling situation.  Time elapses 396 

during travel from the researcher’s home base to the field accommodation, travel between 397 

field accommodation and field sites, between field sites, during site set up, and when finding 398 

and measuring species.  We compare four broad ‘Constraint scenarios’: a baseline or ‘naïve’ 399 

scenario where time minimally constrains data collection, a scenario adding travel times; 400 

scenarios involving travel times and species measurement time; scenarios involving travel 401 

times, species detection time, and variable occupancy of species across sites which we refer 402 

to as the ‘Mallee’ scenario (Appendix S1: Table S2). We use time as a surrogate for cost, but 403 

replacing it or including monetary cost as well as time into the simulation would be 404 

straightforward. Each scenario was replicated 20 times (e.g. representing 20 field trips under 405 

the same conditions), producing many arrays of data across multiple dimensions (i.e. 406 

estimates for each of the three parameters for different numbers of individuals collected for 407 

each species for each field trip under each broad scenario and with differing field trip 408 

duration). For this reason, the data we present are the mean parameter estimates averaged 409 

across all species for each replicated fieldtrip, with the mean and standard deviation across all 410 

fieldtrips represented. We use three different evaluation metrics to compare model 411 

performance across scenarios. First, bias measures how far away and in which direction 412 

parameter estimates from simulated datasets are from true height growth parameters.  413 

Second, uncertainty was measured as the width of the 95% confidence intervals around 414 

parameter estimates from simulated datasets. Third, capture rate measured the number of 415 

times that the true growth parameters were contained within the 95% credible intervals of 416 

modeled parameter estimates from different scenario datasets. 417 

 418 

Code availability  419 

 420 

We present the original code for this simulation, as described in this paper: 421 

https://doi.org/10.5281/zenodo.1400861

 424 

.  Our current and future research aims are to make 422 

this code more general for multiple types of fieldtrips and models.  423 

Results 425 

 426 

Our suite of simulations revealed practical information, such as the minimum number of 427 

individuals per species to adequately characterize all three of the growth parameters, but it 428 

also helped to diagnose model behavior. Sample size affected the estimates of the three 429 
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model parameters differently (Fig. 3).  As the number of individuals sampled for each species 430 

increased, the capture rate for parameter Hmax (average top height) decreased, whilst 431 

parameters a (maximum relative growth rate) and b (age at maximum relative growth rate) 432 

have a relatively consistent capture rate across sample size.   Parameter Hmax was 433 

consistently negatively biased; on average underestimated by 10 cm across a range of sample 434 

sizes (1-20 individuals per site). Bias decreased in parameters a and b as sample size 435 

increased. Model uncertainty decreased for all parameters with increasing sample sizes.  436 

Estimates of Hmax were increasingly overconfident as sample size increased, which explains 437 

the decrease in capture rate for this parameter – it is the outcome of bias (10 cm) and 438 

narrowing of the confidence intervals that lead to the decline in the capture rate with 439 

increasing sample size (Fig. 3). Based on this information, between three and five individuals 440 

for each species would be adequate to provide robust parameter estimates (the confidence 441 

intervals stabilize at these sizes), and collecting twenty individuals per species may not 442 

provide enough extra model accuracy to offset the extra fieldwork time needed.  443 

 444 

Chronosequence types 445 

 446 

The spread of time-since-fire values available for the chronosequence approach influenced 447 

model performance (Fig. 4).  Hmax was relatively easy to estimate across a range of 448 

chronosequence types, but a and b were difficult to characterize with a sparse set of times 449 

since fire.  ‘Early’ and ‘All’ strategies were good candidates for minimising uncertainty and 450 

bias in parameter estimates, although parameter b in the ‘All’ strategy had a very low capture 451 

rate as a consequence of having some positive bias and narrow credible intervals (Fig. 4). 452 

 453 

Effect of field constraints 454 

 455 

Given negligible constraints on handling and travel time, species detectability, and assuming 456 

all species occupy all sites (the baseline constraint scenario), one week of data collection for 457 

20 species did not produce an adequate dataset to parameterize this model, as parameters a 458 

and b did not converge and as such were very uncertain (Fig. 5, Appendix S1: Fig. S2). 459 

Capture rate appeared to be high for one week’s field work (i.e. close to 20; Fig. 5), but this 460 

was an artefact of large credible interval width (large uncertainty) in parameter estimates 461 

leading to a large ‘capture area’ of underlying data points.  One week was insufficient for 462 

model parameterisation under any scenario of field constraints. 463 
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 464 

Increasing the time available in the field improved model fitting, but not uniformly across the 465 

constraint scenarios. The least constrained scenarios improved generally except in the bias 466 

and thus capture rate in Hmax, as seen above when the number of individuals per species was 467 

varied (Fig. 3). Yet as more constraints were added, the benefits of additional available field 468 

time were frequently reduced. 469 

 470 

The full ‘Mallee’ scenario included the most realistic constraints, considering deterministic 471 

travel times, as well as stochastic detection and occupancy of species. This stochasticity 472 

yielded more variation between field trips in estimated parameters as time in the field 473 

increased. This variation was likely due to a trade-off between sampling fewer species but 474 

more individuals per species in short fieldtrips (i.e. sampling common species well) versus 475 

more species but less sampling within all species at longer times (spending time finding rare 476 

species). This trade-off arose due to the defined searching strategy of always measuring the 477 

closest species until the maximum allowable number of each species was reached. Whilst 478 

seven weeks may seem adequate for estimating the model parameters, harder-to-find species 479 

were not always represented in these datasets (Fig. 6). 480 

 481 

Simulated datasets  482 

 483 

Simulations can be used to estimate the amount of time it will take to collect a sufficient 484 

dataset for analysis.  Incorporating the constraints on field data collection influenced the 485 

number of individuals and species sampled in this case (Fig. 6). When species occupancy and 486 

detection were not included, time allocated to effective data collection were underestimated.  487 

There was a 40% reduction in the average number of individuals collected through time 488 

under the most constrained, the ‘Mallee’ scenario, and the naïve baseline (Fig. 6). All species 489 

were found for any length of fieldtrip under every scenario except the ‘Mallee’ scenario, for 490 

which there was a chance of collecting all 20 species only after four weeks in the field but 491 

where even 150 days in the field did not guarantee finding all species (Fig. 6).  492 

 493 

Discussion 494 

 495 

This work has demonstrated how the interactions of sampling design, sampling process and 496 

field trip constraints affect parameter estimation in a multi-species height-growth model. It 497 
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contributes specifically to the aim of this case study, which was understanding how mallee 498 

plant heights could be sampled and modeled. More generally, this study articulates the steps 499 

and elements of field study simulation and evaluation. These are expanded below.  500 

Our simulation approach starts from the perspective of a field ecologist departing for a field 501 

trip to stand at a site looking for their first ‘data point’.  This is not in fact just a ‘data point’, 502 

it is an individual organism that requires time to find and time to measure. This approach is 503 

most valuable in cases where data are hard to collect, large sample sizes are required and 504 

travel times are long. Fieldwork takes time and money, and natural variability generates 505 

additional time-consuming constraints, which are hard to predict.  We aimed to design a 506 

simulation to mimic realistic field conditions.  Natural variability was propagated throughout 507 

each simulated field trip in multiple ways, including incorporating the random removal of 508 

half days from the overall fieldwork time allocated, and generating random height values.  509 

After we simulated multiple field trips for each scenario we wanted to test, we then analysed 510 

the simulated data to evaluate how the realistically collected sample sizes influenced the 511 

parameter estimates within the chosen model.  Finally, we explored various field times to 512 

account for realistic time and budget constraints, and tested how the available time influenced 513 

the analysis and the ability of the field plan to achieve the research goals. This approach to 514 

simulation is structurally different to other simulation approaches, which typically start from 515 

the analysis and back-transform to estimate an optimal dataset. This simulation approach is a 516 

context-specific approach to simulation rather than a context-free approach.  517 

 518 

Our suite of simulations allowed us to generate information analogous to a traditional power 519 

analysis but for a more complex non-linear hierarchical model; it revealed the minimum 520 

number of individuals (between three and five) per species to adequately characterize each of 521 

the three growth parameters in the non-linear growth model.  We were able to test the model 522 

across varying sample sizes, which was useful for diagnosing model behavior, such as 523 

consistent under-prediction of top height (Hmax) by about 10 cm.  Additionally, we were 524 

able to test the sensitivity of the model to the ages of chronosequence sites, which provided 525 

us with confidence that the data were fit for purpose but also provided valuable information 526 

for guiding future sampling efforts. Even intensive data collection was unlikely to yield 527 

robust parameter estimates if we were limited to sampling sites sparsely distributed across 528 

time-since-fire values. This would ideally prompt us to re-think the study design. The above 529 

two examples – selecting numbers of species and testing the sensitivity to numbers of sites – 530 

could conceivably be achieved through power analysis, and this is often performed using a 531 
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variety of packages (see Introduction). However, we note that our approach is not bedded in 532 

significance testing, though it could easily be accommodated.  533 

 534 

Designing robust field-based research is not only about adequate sample sizes. Many 535 

common approaches to simulating datasets for complex analysis do not account for realistic 536 

field-based time constraints nor species detection rates (but see optimizations such as 537 

MacKenzie and Royle 2005, Guillera-Arroita et al. 2010, Moore and McCarthy 2016). While 538 

we can’t possibly anticipate all the fieldwork constraints we may encounter; we can account 539 

for many field-based parameters and incorporating practical time constraints into the 540 

simulation allows us to test the feasibility of studies. We can bound expectations of data 541 

between best-case and worst-case scenarios including natural variation arising from multiple 542 

sites and species.  For example, incorporating measurement time and travel time is important 543 

for a field plan, particularly if there are large travel costs, which is information that is often 544 

readily available or easily estimated.  Our results demonstrate that when designing field 545 

studies it is crucial to account for species occupancy and detection, because ignoring them 546 

causes the time required for effective data collection to be vastly underestimated. Our results 547 

suggest that deterministic features of fieldwork (travel times) have relatively predictable 548 

effects on resultant datasets, but stochastic features of fieldwork (species occupancy) lead to 549 

considerable variation between replicate field trips. This is likely to be particularly important 550 

if the analysis planned is sensitive to the number of species, for example hierarchically-551 

structured models that may be differentially sensitive to sample sizes at different levels of the 552 

dataset (Paccagnella 2011). Finding every species may be important and a simulation 553 

approach could be used to allow the field ecologist to explore trade-offs in spending less time 554 

at a site but visiting more replicate sites, or spending more time searching fewer sites in order 555 

to find rarer as well as common species.  556 

 557 

Conducting realistic field-based simulations before fieldwork that include specific and 558 

targeted data collection methods, forces the field ecologist to confront the constraints of their 559 

plan early. It helps to reveal aspects of the field plan or analysis plan that are flexible and can 560 

be controlled, as well as aspects that are impossible or harder to change (Peck 2004). This 561 

allows forethought into trade-offs in sampling design. For example, studies of 562 

chronosequences are commonly limited by availability of site ‘ages’ and this might mean an 563 

ideal analysis is not feasible.  In our case study, the spread of time-since-fire sites available 564 
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mattered, and sampling some chronosequence combinations (sparse or late) were 565 

inappropriate for the three-parameter model. We also now know that if time were limiting, 566 

we would focus on collecting early time-since-fire sites rather than capturing a broad spread 567 

of sites.  Knowing these field design sensitivities provides an opportunity to change direction 568 

in either field approach or analytical approach before a lot of time and money is spent.   569 

 570 

Johnston et al. (2015) suggested that for simulations to be useful for designing better studies, 571 

they must give substantially more accurate estimates of sample sizes than conventional power 572 

analysis and be reasonably straightforward to use so as to justify the extra time and effort 573 

required for the simulation.  A counter-argument is that ecologists commonly spend a lot of 574 

time and effort improving the analysis of messy, sub-optimal data.  Less effort is directed to 575 

improving data collection, despite emerging tools to do so. Creating a simulation, particularly 576 

one such as this, is time consuming and complex.  However, the use of simulations is likely 577 

to become easier in the future thanks to increasing efforts to create packages and functions 578 

which encourage researchers to use simulations to aid complex field design and analytical 579 

approaches. In agreement with Peck (2004), we argue that the process of creating a 580 

simulation has value beyond optimal sample size estimation. For example, simulation of field 581 

data collection and analysis of simulated data is a very effective way to make the best use of 582 

pilot and pre-existing data. The design of simulations is the design of an experimental system 583 

(Peck 2004) and requires forethought and planning of data collection and analysis, which 584 

may be daunting for those not conversant with complex analysis techniques. However, 585 

undertaking a simulation provides an excellent incentive to learn and interrogate data and 586 

data analysis approaches, and to ensure that both data and data analysis are fit for purpose.  587 

Wider adoption of this approach may help bring together ecologists with expertise in field 588 

collection methods with experts in data analysis in the planning stages of projects, which 589 

would be to the benefit of all.  590 

 591 

Beyond providing guidance on fieldwork design and analysis, our simulated approach and its 592 

realistic time constraints, have value in providing transparent and robust information for 593 

budgets.  This helps the ecologist to assess the consequences of design decisions, such as 594 

whether more field days (and costs related to those) are justified by the likely increase in the 595 

dataset, or whether staying in cheaper accommodation further away from field sites is 596 

economical overall.  This is relevant to academic researchers who may have a limited budget, 597 

but also to organizations responsible for designing field programs with a commitment to 598 
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transparent budgets. Examples of this might be publicly-funded monitoring projects assessing 599 

environmental impacts (Langford et al. 2011) or studies targeting rare or threatened species 600 

(Rueda-Cediel et al. 2015).  Efficiencies in field design are likely to save significant time and 601 

money for large scale programs. For this reason, a logical and useful extension to a realistic 602 

simulation such as demonstrated here would be to include a budget of the time and equipment 603 

needed for entering, storing and analyzing data, because budgets for field programs often 604 

ignore these components (Jones 2013).  605 

 606 

Our simulation approach is flexible but currently specific to our case study, making it hard 607 

for others to immediately implement. We anticipate several research directions that will 608 

improve the usability of our approach. First and ideally, our approach could be tested by 609 

implementing it in new and independent fieldwork studies. Secondly, we are currently 610 

focusing on making our code for this simulation more general and efficient. We aim to make 611 

our simulation approach more general so that it can be used across other types of fieldwork 612 

beyond our chronosequence based fieldwork for the purpose of growth modeling. 613 

Generalising the code in this way involves conceptually mapping out some common 614 

approaches to fieldwork and analysis, and isolating common influential variables and 615 

workflows.  616 

 617 

Chapman (2000) suggests that experiments are often designed to minimize or ignore natural 618 

variation rather than to measure it. Kain et al. (2015) suggest that introducing new strategies 619 

for analyzing variance, and designing field studies may lead to inspiring new experimental 620 

designs in ecology. Simulation approaches have enormous practical potential. Using 621 

simulations that connect the purpose of field work and outcomes of research with data 622 

analysis and real estimates of field-based effort can help maximize the effectiveness of 623 

projects given limited funding. We see an exciting future blending simulation with robust 624 

field design to address a range of ecological fieldwork purposes.  625 
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 846 

Figure 1. The overarching structure of the simulation, with specific components taken from 847 

the mallee case study. Ecological variables are parameterised growth models of the target 848 

species, detection times for individual plants, and each species’ probability of occupying each 849 

site. Field conditions include the number of sites to visit, the number of individuals per 850 

species to collect, and fixed parameters describing how long field days are, and travel and set 851 

up times associated with fieldwork. Ecological variables and field conditions inform the data 852 

collection process, which simulates how much data is collected based on specified constraint 853 

scenarios. Data analysis takes many datasets collected over multiple scenarios to analyse and 854 

test model performance under different constraint scenarios.  855 

 856 

Figure 2. The data collection process generates multiple datasets across many fieldtrip 857 

scenarios. Individual heights are randomly drawn based on mean heights through time 858 

generated from modeled heights based on ‘true’ growth parameters.  859 

 860 

Figure 3.  Sample size influences parameter estimates. Bias, uncertainty and capture rate for 861 

the three estimated growth parameters, as a function of the number of individuals collected 862 
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across all species. Individual small black points are the outcome of each of the 20 replicate 863 

fieldtrips averaged across all species, with the larger black dot the average across replicate 864 

fieldtrips, the black lines represent 95% confidence intervals across each replicate field trip.  865 

 866 

Figure 4. The arrangement and times available in a chronosequence field design affect model 867 

parameter estimates. Bias, uncertainty and capture rate for the three estimated growth 868 

parameters, as a function of the type of time-since-fire sites visited. Individual small black 869 

points are the outcome of each of the 20 replicate fieldtrips averaged across all species, with 870 

the larger black dot the average across replicate fieldtrips, the black lines represent 95% 871 

credible intervals across each replicate field trip.  872 

 873 

Figure 5. Parameter estimation performance under different scenarios, each tested over 874 

different lengths of fieldtrip and averaged over all species (see Appendix S1: Fig S2 for 875 

results displayed over all weeks). Each of the three parameters is compared across bias, 876 

uncertainty and capture rate. The black lines are baseline naïve datasets, which do not include 877 

travel and measurement times or species detection and occupancy, dark grey lines are the 878 

scenario where only travel time is included, light grey is scenario where travel time and 879 

measurement times are included, and blue is the full Mallee scenario which includes all time 880 

costs as well as occupancy and detection of species.  881 

 882 

Figure 6. The number of individual plants collected for each scenario, and the number of 883 

species found for each scenario. Black is naïve baseline, dark grey is travel, light grey is 884 

measurement and travel, blue is the full Mallee scenario. All scenarios except the Mallee 885 

(blue) find at least one individual of all species under all fieldtrip lengths.  886 

A
u

th
o

r 
M

a
n

u
s
c
ri
p

t



eap_1801_f1.tif

This	article	is	protected	by	copyright.	All	rights	reserved

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



eap_1801_f2.tif

This	article	is	protected	by	copyright.	All	rights	reserved

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



eap_1801_f3.tif

This	article	is	protected	by	copyright.	All	rights	reserved

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



eap_1801_f4.tif

This	article	is	protected	by	copyright.	All	rights	reserved

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



eap_1801_f5.tif

This	article	is	protected	by	copyright.	All	rights	reserved

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



eap_1801_f6.tif

This	article	is	protected	by	copyright.	All	rights	reserved

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t


